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Abstract

Climate change has caused widespread alterations in the environment and agricultural production.

This paper investigates how higher temperature impacts agricultural production value of Thai farmers

and the potential adaptation through diversification strategies. We use historical weather data

coupled with farm household socioeconomic survey data to carry out econometric regression analysis

and perform projections from the IPCC AR6 scenarios. We find that higher temperature reduces

agricultural output value and that this will be worse as the planet keeps warmer. We also find that

households engaged in diversified production activities are better adapted to higher temperature.

The adaptation outcomes increase with access to irrigation and smaller farm size. Our findings

support the country’s policies to encourage integrated farming and diversified crop-mixes strategies

for Thai farmers.
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1 Introduction

Farm households often face substantial production risk and income variability due to their large exposure

to climatic shocks. Due to underdeveloped farm income support systems and financial markets, farm

households in developing countries can be vulnerable to climate shocks. Many studies have shown that

households are not able to insure themselves and often need to rely on costly coping mechanisms such as

using child labor, selling productive assets or informal borrowing from friends and family. (Dercon and

Krishnan, 2000; Gertler and Gruber, 2002; Kazianga and Udry, 2006). Also, regionally climate shocks

can cause disruptions as they often commonly affect all households in region causing localized crises.

Moreover, climate change is shifting probability distributions making the variation harder to cope with

(McCarl, Villavicencio, and Wu, 2008).

With global average temperature increasing since the 1970s and projected to continue to increase

(USGCRP, 2017; IPCC, 2021), the repercussions of climate change on farm households are likely to be

amplified. Previous studies have confirmed that climate change has created agricultural sector losses

around the world and the damage will be higher in the future especially for developing countries, e.g.,

Mendelsohn, Nordhaus, and Shaw (1994), Attavanich and McCarl (2014), and Brown et al. (2017).

Moreover, studies have shown that poor farmers have lower adaptation capacity (Chonabayashi, 2021;

Chonabayashi, Jithitikulchai, and Qu, 2020b; Nikoloski, Christiaensen, and Hill, 2018; Sesmero, Ricker-

Gilbert, and Cook, 2018; Hallegatte et al., 2016; Mano and Nhemachena, 2007; Skoufias, 2012). However,

existing studies that focus on how households respond or cope to climate shocks are relatively much

scanter.

This paper assess and quantifies the agricultural production effects of climate change, and investigates

the role played by agricultural diversification, which farm households can employ ex ante to adapt. We

investigate the effects of diversification; among crop cultivation, raising livestock, and participating in

fisheries, as well as diversification within crop cultivation comparing monoculture to a diversified crop

mix. We focus on Thailand because its agricultural sector employs roughly half of the country’s total

labor supply, and it is one of the major food-exporting countries that is highly vulnerable to climate

change. Based on the global climate risk index (Eckstein, Künzel, and Schäfer, 2021), Thailand ranks

within the top 10 of the world suffering from over 140 weather-related loss events during 2000–2019.1

We use Agricultural Household Socioeconomic and Labor Survey (2006–2020), matching them with

the sub-district level climate re-analysis data to obtain the estimates of temperature impacts on the

value of production output and test whether diversification has a role to play in reducing such impacts.

Then we project agricultural consequences under five different scenarios as well as the contribution of

agricultural diversification in adaptation. The scenarios we use arise from the the Shared Socioeconomic

Pathways (SSPs) in the IPCC (2021).

Our analyses reveal that an increase in temperature has a negative impact on Thai agricultural pro-

duction, with the effects increasing with farm size. We find diversification across major enterprises,

including both cropping and livestock, is likely to be and effective adaptation strategy. Moreover, di-

versified cropping is much less sensitive to changes in climate than is monoculture. In addition, use

of irrigation and smaller farm size can potentially help enhance household production and agricultural

diversification adoption. Over the next 30 years, however, smaller farms are projected to benefit more

1See Eckstein, Künzel, and Schäfer (2021) for more details of the full ranking table and how the index is constructed.
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from diversification as annual global temperatures are predicted to increase by a maximum of around 2
◦C.

This paper contributes to a large literature on climate change adaptation. One extension involves

our study on how agricultural portfolio diversification affects farm output or helps mitigate the impact

of adverse weather on income and output. Among these few papers, Seo (2012) finds that in African

agriculture crop-livestock integrated farm is better adapted than a specialized crop farm.Bellora et al.

(2018) shows that crop biodiversity positively impacts agricultural production.

There are evidence that practicing agricultural diversification can help Thai agricultural households

adapt as found in Attavanich et al. (2019), Saengavut et al. (2019), Bellora et al. (2018), Forsyth and

Evans (2013), Kasem and Thapa (2011), Rungruxsirivorn (2007), and Chainuvati and Athipanan (2001)

among others. For example, Saengavut et al. (2019) finds that water availability helps small-holder

farmers in the Khon Kaen adapt, and hence recommends policies that facilitate water resource access,

create crop insurance systems, and provide knowledge on sustainable agriculture. Lohmann and Liefner

(2009) finds that non-agricultural income diversification helps rural households adapt in the North-east

provinces.

2 Data and Summary Statistics

Our data come from two main sources, annual surveys of Thai Agricultural Household and satellite

remote sensing climate data, of which we combine to form the main dataset for assessing and projecting

the impact of climate change. In this section, we describe each of them in turn along with our sample

construction.

2.1 Agricultural Household Survey Data

We do our estimations over repeated cross-sectional agricultural household data from the Annual Agri-

cultural Farm Household Socio-economic Survey by the Office of Agricultural Economics. The data were

developed over 2006 to 2020 and arise from total 14 waves of the survey.2 The data cover all 76 provinces

in Thailand and provide detailed information on household characteristics, income by sources, itemized

agricultural activities including crops grown, livestock and fisheries raised and land usage.

For outcome variables, we focus on agricultural output value, and agricultural revenue. Agricultural

output value includes the value of unprocessed agricultural products from cultivation, livestock, and

fisheries and the revenue therefrom. As the survey does not directly provide the data on harvested

crop value produced, we use reported selling price and quantity produced to construct the value of

agricultural output. For households that do not report selling price, we calculate harvested crop value

based on imputed prices, which are calculated using the cell mean method as described and employed

in Golan, Perloff, and Shen (2001) and Jenkins et al. (2011).3 That is, we use the average of the non-

missing prices within of each geographical areas going from the smallest administrative boundaries to the

2The survey starts from 1 May and runs until 30 April of the following year.
3Households also reported total revenue from selling agricultural products in the survey. However, this information is

only available up to the 2017 survey round, and is potentially subject to measurement and reporting errors. Note that
after trimming the top 0.5%, our constructed revenue is not significantly different from the reported revenue ensuring that
the price imputation is quite robust.
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largest, i.e., from the village to sub-district (tambon), district (amphoe), province, region, and country

level, to impute the unobserved prices. We also remove potential outliers by removing the top 0.5% of

the observations for our outcome variables. 4

We also exclude households with zero agricultural output value and zero agricultural revenue. All

monetary variables are expressed in real terms in 2019 Thai Baht. Non-agriculture nominal values are

deflated by the Bank of Thailand’s consumer price index, whereas nominal agricultural variables are

deflated using the agricultural price index compiled by Thailand’s Office of Agricultural Economics.

Panel A to C of Table 1 reports the descriptive statistics for all outcome variables, household char-

acteristics, and plot characteristics. The average agricultural output value and revenue of the trimmed

sample are around two times higher than the median. Half of Thai farmers produce agricultural prod-

ucts less than 90,000 baht a year, and generate annual revenue less than 77,000 Baht. The small size

of annual output value and revenue is consistent with the fact that the size of farmland is small. On

average, Thai farm households hold agricultural land of 24.29 Rai, and they use most of the land for

cultivation.5 Moreover, 75 % of Thai farmers do not have access to irrigation.

To examine the role of farm diversification in alleviating the impact of climate change, we consider

two levels of farming diversification strategies: (i) diversification across different types of agricultural

activities, i.e., cultivation, livestock, and fisheries 6 and (ii) diversification across different types of crops

grown.7 Table 2 shows data relative to diversification indicating that Thai farmers tend to not diversify

across different types of agricultural activities. Only 39% of Thai farm households are engaged in more

than one type of agricultural activities, and more than half of those who engage in cultivation do not

diversify their farm activities into livestock and fisheries production. Within crops, the majority of Thai

farm households grow 2 types of crop a year, and 28% of them practice monoculture.

2.2 Climate Data

2.2.1 Re-analysis Satellite Remote Sensing Data

The ERA5 Database. We use historical reanalysis data from the European Center for Medium-Range

Weather Forecasts (ECMWF). The reanalysis incorporates past observations and information from many

sources to generate consistent, complete time series of climate variables (Hersbach et al., 2020).

The data contains hourly average weather data at a spatial resolution of 0.10 degrees (approximately

9 kilometers). For each grid, we obtained hourly data on total rainfall in millimeters (mm) and average

temperature in Kelvin measured at 2 meters above the earth’s surface. We then calculated total daily

precipitation in mm and average daily temperatures in degree Celsius (◦C) within each grid.

From these gridded daily data, we extracted and generated daily precipitation and temperature for

each sub-district (tambon) in Thailand. All 0.10-degree pixels within the boundary of each sub-district

were combined to generate annual average temperature and total precipitation at the sub-district level.

In case there were some adjacent sub-districts sharing the same pixel, we assigned identical precipitation

4We provide the corresponding results for trimming at the top 0.1% and for not trimming for comparisons and robustness
checks in the Appendix C.

51 Acre is approximately equal to 2.53 Rai.
6This diversification classification is similar to the study of Chonabayashi (2021) Chonabayashi, Jithitikulchai, and Qu

(2020b) Chonabayashi, Jithitikulchai, and Qu (2020a), Seo (2010).
7This diversification strategy is also found in Attavanich et al. (2019).
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and temperature values. We then used these sub-district-level daily weather data to construct the

variables required for our empirical analyses. The variable and their descriptive statistics are presented

in Panel D of Table 1.

Weather Variables. For each variable, we converted the gridded daily data to an annual measure

matching the start and end month (1 May to 30 April of the following year) in each round of the household

surveys. In total, we constructed four weather variables:

• Annual average temperature is the sub-district level temperature averaged over 365/366 days within

each year of survey round.

• Annual total precipitation is a sub-district level total amount of rainfall measured within survey

round. Given that rainfall is potentially stored (in the soil or in household tanks), we model

precipitation as cummulative amount rather than annual average like temperature.

• The number of hot days within a year is the number of days in a given survey round with the

maximum temperature greater than 32.22◦C.

• The number of wet days within a year counts the number of days in a given survey year with total

precipitation exceeding an inch (25 mm) of precipitation.

Our primary focus will be on temperature. However, given that temperature and precipitation

variation are likely correlated and that precipitation can have significant impact on agriculture in a

rain-fed country like Thailand, it cannot be ignored. The latter two variables are included to capture

households’ response to extreme weather conditions.

Validity of the ERA5 Data. To test the validity of our gridded ERA5 climate data, we compare it

with the monthly Thailand’s Meteorological Department recorded data during 1981–2020 at each ground

station. We find strong correlations between the ERA5 and the ground-station data. In Appendix A,

we present several test results that the ERA5 data closely matches the observed data.

2.2.2 IPCC Temperature Projections.

To make predictions about the future effects of climate change, we need data on long-term projections.

For this we use 2021 IPCC projection. Specifically, we use projected ensemble mean global surface

temperature changes under five different “Shared Socio-economic Pathway” (SSP)/RCP scenarios. These

scenarios represent alternative socio-economic trend and the approximate level of radiative forcing and

greenhouse gas (GHG) emissions resulting from the scenario in the year 2100 (IPCC, 2021; Arias et al.,

2021).8

8See IPCC (2021) for further details on IPCC climate change projections.
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3 Model Specifications

3.1 Baseline Specifications

In order to estimate climate effects on agricultural output, we use the household survey data during 2006–

2020 9 and the matched sub-district-level weather data. We estimate the following baseline specification:

Y i
st = α0 + f(wst) + α′

1X
i
t + α2δt=2012 + α3δt=2015 +

∑
r

αrRr + α4t+ α5t
2 + ϵist (1)

where Y i
st is the value of agricultural output for household i in sub-district s in survey year t. f(wst)

is a flexible functional form depicting the effects of climate on the outcome variable. Xi
t is a set of

household-level characteristics which include household size, whether household head is female, age of

household head, whether household head completed secondary education (9 years), whether household

has membership in cooperatives or agricultural banks (BAAC), share of irrigated land, share of rented

land, and the size of agricultural land.10 Because over half of the households in our sample grow rice and

the Thai government often intervenes the rice market, we also include the dummy variable for whether

households grow rice.

To capture country-wide effects of the 2011 major flood and 2015 severe drought, we include dummy

variables for cultivation years 2011/2012 and 2014/2015, δt=2012 and δt=2015. We also include the region

dummies (Rr) which control for region-specific time invariant effects on outcomes. We follow Thailand’s

Meteorological Department and divide the country into six regions that are deemed to have similar

climates.11 A quadratic time trend is also included to control for advancement in production technology.12

ϵist is an error term capturing observable factors. Finally, we report robust standard errors that allow

for heteroskedasticity of an unspecified form.

Because our primary focus is on the effects of temperature on real value of output, the coefficients on

precipitation variables are of secondary importance. However, since variations in temperature are likely

to be correlated with precipitation, precipitation are included (Burgess et al., 2017). We define f(wst)

in three different specifications described as follow:

Model 1: Linear Weather. Mean annual temperature (in ◦C) and annual total rainfall (in mm)

enter the baseline specification linearly and separately:

f1(wst) = βtemptemperaturest + βprcpprecipitationst (2)

Model 2: Quadratic Weather. Since the effects of weather, especially temperature, can be highly

non-linear (Dell, Jones, and Olken, 2014; Deschênes and Greenstone, 2011), quadratic terms of both

9This period covers 2006/2007 crop year to 2019/2020 crop year.
10For regressions assessing diversification within cultivation activities which use the sub-sample of households engaged

only in cultivation, we use the size of land used for cultivation in place of that used for agriculture. Note that we do not
include the value of household assets and its squared term due to possible endogeneity issues.

11The regions are North, Northeast, Central, East, Southeast, and Southwest.
12The estimated coefficients of time trends are used as a proxy of agricultural technology progress in various studies

such as Ding and McCarl (2014), McCarl, Villavicencio, and Wu (2008), Attavanich and McCarl (2014), and Jithitikulchai,
Mccarl, and Wu (2019).
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temperature and rainfalls are included:

f2(wst) = ψtemptemperaturest+ψtemp2temperature
2
st+ψprcpprecipitationst+ψprcp2precipitation

2
st (3)

Model 3: Including Extreme Weather Variables. We further add indicators which capture ex-

treme weather conditions:

f2(wst) = θtemptemperaturest + θtemp2temperature
2
st + θprcpprecipitationst + θprcp2precipitation

2
st

+ θhothotdaysst + θwetwetdaysst (4)

In terms of the outcome variable, we focus on households’ real value of output not saleable output

.13 This is because almost a third of household output produced is consumed on farm and we believe

that should be taken into account when analyzing household impact. In Appendix B, we also report

the estimated effects on household commodity sale revenue, which omits the value of home production

and inventories. We then transform the outcome variables using the inverse hyperbolic sine function as

described below.

The Inverse Hyperbolic Sine Transformation and Elasticity Interpretation. We apply the

inverse hyperbolic sine (IHS) transformation of the outcome variable, which is a common transformation

in the literature (Pence, 2006). Consequently, one can interpret the regression coefficients on climate

variables as close to a log-linear specification (Bellemare and Wichman, 2020) when the hyperbolic

sine transformation parameter, θ, is large enough or in terms of point elasticity.14 In our case, the

‘temperature elasticity of output’ derived from the estimated coefficients of the temperature and its

squared terms is useful in that it measures the sensitivity or the percentage change in output with

respect to the percentage change in temperature.

Given that our “Model 2” and “Model 3” specifications include quadratic terms of weather variables,

in the spirit of Bellemare and Wichman (2020), we derive the elasticity as follows (where we omits other

weather variables and the subscript st on temperature for brevity):

Y i
st = sinh−1(Zi

st) = β0 + β1temp
i
st + β2(temp

i
st)

2 + βiX
i
t + ϵist

Taking hyperbolic sine transformation:

⇐⇒ Zi
st = sinh(β0 + β1temp

i
st + β2(temp

i
st)

2 + βiX
i
t + ϵist)

13One key challenge of using total agricultural production value is that it also captures a lot of variations through
agricultural prices, which can vary heterogeneously across crops and regions. However, including price as a control variable
would introduce an endogeneity in that both the left- and right-hand sides of the regression equation are simultaneously
the function of price. Furthermore, unlike a number of previous studies that normalize production value with area/labor
used (e.g. yield per hectare), we only consider the total value of production because our analysis involves a wide range
of different agricultural production types. Note, however, that our results are not significantly different when agricultural
production per unit of land is used.

14See full proof and more details in Bellemare and Wichman (2020).
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Taking partial derivative with respect to temperature and rearrange:

⇐⇒ ∂Zi
st

∂temp
= (β1 + 2β2temp)cosh(sinh

−1(Zi
st))

⇐⇒ ∂Zi
st

∂temp
= (β1 + 2β2temp)

√
1 + (Zi

st)
2

⇐⇒ ∂Zi
st

∂temp

temp

Zi
st

= (β1 + 2β2temp)
√

1 + (Zi
st)

2
temp

Zi
st

By the definition of elasticity, we have:

⇐⇒ ξY i
sttemp = (β1temp+ 2β2temp

2)

√
1 + (Zi

st)
2

Zi
st

. (5)

where ξY i
sttemp is the temperature point elasticity of output at a given temperature. From expression

(5), it is useful to note that both the coefficients of temperature and temperature-squared affect the

magnitude of elasticity.

Note that for the calculation of temperature point elasticity at any given temperature, we use the

fitted value from the regressions as a corresponding value Zi
st for each value of temperature; it is calculated

at the average value of all control variables at any corresponding value of temperature and temperature-

squared. The point elasticity is thus evaluated while assuming other control variables constant at their

means as we vary temperature.

3.2 Assessing the Role of Diversification

Provided that a rise in temperature poses adverse impact on production, we investigate the role of

agricultural diversification by determining whether it can help attenuate the global warming impacts.

Firstly, we run models 1–3 using a sub-sample of farm households that have data showing they

employ different agricultural diversification strategies and those that do not. Then we compare the

estimated effects of temperature and the resulting temperature elasticities .15 However, this approach

has a possible drawback in that we may lose statistical power in our estimation when a particular sub-

sample of households is too small, making comparisons across different types of diversification strategies

infeasible.

One approach to address the above problem is by running a pooled regression with an additional

interaction term of diversification dummy variable and weather variables. In particular, we use the

specification:

Y i
st = α0+f(wst)+ϕD

i
st+β

{
Di

st∗f(tempst)
}
+α′

1X
i
t+α2δt=2012+α3δt=2015+

∑
r

αrRr+α4t+α5t
2+ϵist

(6)

where Di
st is the dummy variable indicating agricultural diversification in some forms, and f(tempst) is

the function of temperature variables. The Di
st dummy is included to account for the mean permanent

difference in the output value between households that do and do not diversify. The estimated coefficient

15This approach is similar in spirit to that in Lien et al. (2006); Birthal et al. (2013); Chonabayashi, Jithitikulchai, and
Qu (2020a,b); Chonabayashi (2021)
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β of the interaction term(s) determines whether diversification helps reduce the impact of temperature

changes on the value of output. Note, however, that the point estimate of β could be subject to potential

selection bias in that the decision whether household adopt a diversification strategy is not random.

With both approaches potentially having own threats to identification, we present the results for both

for robustness checks.

3.3 Predicting Value of Output under Different Temperature Projections

Given the estimated coefficients obtained from the regression analysis, we can simulate the impacts of

climate change using the IPCC AR6 SSP scenario climate projection data. To do this, we use five SSP

scenarios (IPCC, 2021; Attavanich et al., 2019; Arias et al., 2021) that capture a range of low and high

climate impacts:

• SSP1-1.9: very low GHG emissions scenario

• SSP1-2.6: low GHG emissions scenario

• SSP2-4.5: intermediate GHG emissions scenario

• SSP3-7.0: High GHG emissions scenario

• SSP5-8.5: very high GHG emissions scenario

where the Shared Socio-economic Pathway (SSP), denoted as ‘SSPx-y’, stands for the socio-economic

trend for a given scenario ‘x’, and the approximation of ‘y’ radiative forcing level from in the year

2100. (IPCC, 2021). The temperature used in our simulation is the Thailand wide annual average

temperature. We use historical sub-district-level temperature from the remote sensing data to combine

with the predicted changes in temperature under different IPCC’s scenarios for global surface temperature

change to generate subregional temperature projections for Thailand from 2021 to 2050.

With the realizations and projections of the mean temperature during 1981–2020, we can then predict

the value of total output in each year and under different scenarios from 2021 onward ceteris paribus.

That is, by holding household and plot characteristics (control variables) at the characteristics in 2020

and varying the temperature to reflect the climate scenarios. Since our fitted value of the outcome

variable is expressed in an inverse hyperbolic sine function format, we transform it back by taking the

hyperbolic sine function thereby acquiring the predicted level of output value.16 We did not consider

other climate variables such as precipitation and extreme weather, because only the projection data on

temperature is available in the new IPCC AR6 projection data at the time of writing.

4 Estimation Results

In this section, we report and discuss the estimation results of the impact of climate change. We first

present the estimated overall impact of temperature changes on the total value of farm output. We then

report and discuss the role of agricultural diversification on various margins in helping alleviate the impact

of climate change. Our outcome of interest is the households’ real value of annual production output.

We report the corresponding results for real revenue, which excludes the value of home consumption and

16Pence (2006) suggests another approach for transforming the fitted value in the inverse hyperbolic sine format back
to the level format. See Pence (2006) for detailed calculations and discussions.
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inventories, in Appendix B. Finally, we apply the estimated coefficients to project the future value of

output under different scenarios of predicted changes in temperature.

4.1 The Effects of Temperature on Farm Output

Each column of Table 3 reports the point estimates of the coefficients of important variables in different

model specification. Focusing on the effect of temperature, in model 1 (linear weather), we find that on

average higher temperature leads to a fall in the value of output. Provided that the IHS transformation

leads to a close approximation of log transformation in linear model (under the conditions as discussed

in Bellemare and Wichman (2020)), a one-degree Celsius rise in temperature is associated with roughly

a 3.3% fall in the value of output on average.

In column 2, the significance of the coefficients on both the linear and squared terms of the tem-

perature and precipitation variables in Model 2 confirms the non-linearity in the effects of climate on

agriculture well-established in literature.17 This also suggests that a preference for using specification

with quadratic weather to infer the estimated impacts. As discussed that the estimated coefficients of

temperature and its squared term with IHS transformation to the outcome variable are best interpreted

in terms of elasticity, the first column of Table 4 reports the point elasticity evaluated at the mean tem-

perature over 2006–2020 of 26.4◦C experienced by our sample households along with the 95% confidence

interval calculated using the estimated coefficients of Model 2 from Table 3. Our estimated point elastic-

ity suggests that a one-percent rise in surface temperature would lead to a fall in the value of output of

approximately 1.7% when evaluated at the country-wide mean temperature over the estimation period.

We then calculate the point elasticity for each corresponding value of annual average temperature and

fitted output value. We plot them along with the 95% confidence interval in panel (a) of Figure 1. The

graph shows that the value of temperature elasticity of output is positive and decreasing until around

the average temperature of 24◦C at which the elasticity turns negative and declines afterwards with an

increasing rate. Importantly, this suggests that as average temperature rises above 24◦C, the extent of

the reduction in household production (sensitivity of output to changes in temperature) increases with

temperature. In other words, the adverse effect of temperature on household’s agricultural production

value is more amplified as the surface temperature rises. Although with larger confidence intervals, the

point elasticity gets as high as -10 at the maximum annual average temperature of 33◦C, suggesting that

a one percentage change in temperature is estimated to cause a striking drop in the value of output of

10%.

Our findings are also robust to adding two extreme weather controls, which potentially proxy for

floods and droughts, in Model 3. In column (3) of Table 3, the coefficients on temperature and its

squared term are of the same signs but with less significance. This is reflected in the wider confidence

interval in panel (b) of Figure 1 which roughly conveys the same conclusion that the temperature point

elasticity of output declines as temperature rises. What we find reassuring is that the coefficients on both

extreme weather controls are negative and highly significant, suggesting that more days with extreme

temperature and rainfalls cause output to decline. However, since these two variables are correlated with

temperature and precipitation and including them all together probably reduces the explanatory power

for our main temperature terms, we will use Model 2 as our baseline case and only report the regression

17See Dell, Jones, and Olken (2014) for a review.
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results for Model 1 and 3 (but not the corresponding graphs) for comparisons moving forward.

Across all model specifications, we interestingly find that the coefficient on the share of irrigated

land is positive and significant. This suggests that households with better access to irrigation systems

generates higher total output value on average.18 Other controls that deserve attention are the survey

round controls which are significant and negative for the period associated with severe drought in 2015

and positive during the period with a major flood in 2011. Despite the fact that floods can have adverse

impacts on output, the positive effect during 2011 could be explained by the fact that floods maybe

short-lived and that flood years are associated with high rainfalls on average, which in turn could benefit

many agricultural activities.19

4.2 The Role of Agricultural Diversification amid Climate Change

Given that we find a rise in temperature to significantly have an adverse impact on household’s produc-

tion, we turn to investigate whether agricultural diversification can mitigate the impacts from climate

changes. We consider diversification strategies on three margins: (i) by the number of agricultural

activities, (ii) by types of activities (cultivation, livestock, and fisheries), and (iii) within cultivation.

Diversification by the Number of Agricultural Activities. Table 5 reports the estimated co-

efficients for three different Model specification used to investigate diversification aspect. Within each

Model, the first two columns report the results using a sub-sample of households carrying out just 1 agri-

cultural activity (either cultivation, raising livestock, or fisheries) and performing at least 2 agricultural

activities, respectively. In the last column (All), we pool the observations together and use specifica-

tion (6). In Model 1, the point estimate on linear temperature in column (1) is significant and smaller

than that of column (2), suggesting that, on average, households engaging in more than one agricultural

activity faces less impacts from rising temperature.

As discussed, our prime focus is on the estimates obtained from Model 2. We use the estimates

on temperature and its squared term from column (4) and (5) to calculate point elasticity, the output

response to a temperature change, as displayed in Panel (c) of Figure 1. We find that households engaging

in more than one activities has much smaller point elasticity in absolute term than those engaging in

just one activity across any given average temperature. In fact, the value of elasticity for households

performing this diversification strategy is close to zero, implying that, at any given average annual

temperature, potential changes in temperature barely affects total output of the households. In Table 4,

we see that, evaluated at the mean temperature of 26.4◦C over the estimation period, the temperature

elasticity for households running one agricultural activity is -1.99, while the corresponding value for

those that diversify is more than twice as low at only -0.876. This suggests that, at the long-run average

temperature, a one-percent rise in temperature would lead to a fall in annual output of almost 2 percent

for households that do not diversify, but of less than proportional if households opt for diversification.

Considering a pooled regression in column (6) of Table 5, the estimates of the interaction terms

between the diversification dummy and temperature squared term in column (6) of Table 5 are negative

18Given that we find quite a small effect on precipitation, this potentially suggests that irrigation serves as an important
source of water for agriculture in Thailand.

19Higher agricultural prices resulting from the pass-through effects of flood may also play a role here.
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and significant at 10% level.20 Although this does not add to the evidence that diversification helps

reduce to effects of temperature on total output, the results obtained with this specification is subject

to potential selection bias in that the choice of whether to practice diversification is endogenous (not

random).

Considering Model 3, we the temperature estimates in column (8) are not precise when households opt

for diversification. However, interestingly, the impact of extreme rainfalls is significant and smaller when

households engage in more than 1 activity. This is consistent with the findings in Chonabayashi, Jithi-

tikulchai, and Qu (2020b) that households engaging in more agricultural activities can better mitigate

the adverse impact of droughts and floods.

Diversification by Type of Agricultural Activities. We apply the same analysis but now consider

a popular diversification strategy in which households engage in both growing crops and raising livestock,

as opposed to only engaging in cultivation in Table 6. Focusing on column (4) and (5) obtained from

running Model 2, we find that the magnitude on the coefficients of temperature terms are much smaller

for the sub-sample of households engaging in both cultivation and raising livestock. This is confirmed by

panel (d) of Figure 1, which illustrates that, the magnitudes of the temperature point elasticity of output

are mostly smaller in absolute terms for households engaging in both cultivation and raising livestock.

This implies less sensitivity to the impact of temperature changes when households diversify.

Although the estimates on temperature terms are not significant in Model 3, we see that the coeffi-

cients on extreme weather variables in column (7) is larger than those obtained in column (8), almost

twice as large for the case of extreme rainfall. This corroborates the evidence in favor of agricultural

diversification against extreme weather conditions, which, if happens, could be very detrimental to house-

hold’s agricultural production. Finally, we derived our main results so far based on the value of output

that is trimmed at the top 0.5% to avoid the possibility that outliers at the top may have driven the

estimation results. For robustness, in Appendix C, we report three more cases in which we apply three

different rules on trimmings. Figure C1, C2 and C3 illustrate the temperature point elasticity diagrams

generated from not trimming the output value, trimming the top 0.1% of total output value and trimming

the top 0.1% of each component of total output value, respectively. Overall, our conclusions remains

the same at least qualitatively ensuring that our findings are robust and not too sensitive to potential

outliers.21

Diversification within Cultivation Activities. Given that the vast majority of households are

engaged in cultivation, we turn our focus to diversification strategies by choices and the number of

crop(s) grown. Table 7 presents the estimated impact of temperature comparing the case when households

practice monoculture against multiculture. We find some weak evidence that growing more than one

crops (multiculture) could help alleviate the adverse impact of temperature changes. In Model 2, the

magnitude of the estimates of the temperature terms in column (5) are smaller than those in column

(4) but are not sufficiently precise. This suggests that households growing more than one types of crops

20As discussed and shown by the elasticity formula (5), the estimate on the squared temperature term dominates that
on the linear term in terms of predicting the sign of point elasticity. A negative sign for the squared term coefficient thus
likely implies negative downward sloping point elasticity when plotted against temperature.

21The full regression estimation results are available upon request.

12



face on average less impact from the rise in temperature, and that their implied temperature elasticity

is smaller compared to those practicing monoculture.

Using Model 3, there is an evidence of a potential benefit of practicing multiculture against extreme

rainfalls as suggested by the much smaller magnitude of the number of hot and wet days’ coefficients in

column (8) compared to those in column (7).

4.3 Heterogeneity Analysis

In this subsection, we divide our sampled households into two groups based on two criteria. First, we

compare the effects of temperature and diversification for households with an access to irrigation, around

23 percent of all households, to those without the access. Then, we investigate whether and how the

temperature impacts and the role of diversification are different for small and medium sized farms against

large farms.22 Overall, we find that a rise in temperature affects the value of output differently across

sub-groups and that the roles of diversification are more enhanced for households with the access to

irrigation and for those owning larger farms.

4.3.1 Heterogeneity by Access to Irrigation

Table 8 reports the regression coefficients obtained separately for the sub-samples with and without

irrigation. Focusing again on Model 2, the magnitude of the coefficients on the temperature terms

are smaller for households with irrigation access. Accordingly, we find in Figure 2 which plots the

temperature elasticity of output value that households with the access to irrigation tends to face less

output value loss from rising temperature, compared to those with no access.

Diversification by the Number of Agricultural Activities. Table 9 reports the results obtained

using Model 2 specification comparing monoculture households against multiculture households for those

with and without irrigation access. We find that the magnitude of the effects of temperature for house-

holds engaged in only one agricultural activity are greater than those engaged in 2 or 3 activities regardless

of the access to irrigation. However, possibly due to a smaller size of the sub-sample of multiculture

households with access to irrigation, the coefficients on the temperature terms are not precise suggesting

that their output value are not significantly affected by temperature changes. The patterns in Figure

3 corroborate that doing more than 1 agricultural activities could help reduce the negative impacts

of temperature rise. However, households with the access to irrigation potentially benefits more from

diversifying their agricultural activities as their output value become less sensitive to global warming.

Diversification by Type of Agricultural Activities. Table 10 reports the regression results com-

paring households operating integrated farming (cultivation and livestock) against those only engaged in

cultivation for the sub-samples with and without access to irrigation. Again, we find that diversification

helps reduce the impact of rising temperature regardless of the access to irrigation. The coefficients of

the temperature and temperature squared terms in column (4) of Table 10 are not significant, suggesting

that households with integrated farming and access to irrigation are not significantly affected by global

22Again, as discussed above, we use model 2 to calculate the point elasticity of temperature and to predict the output
value under different temperature projections.
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warming. Along the same line, in Figure 4, we find that integrated farming benefits households with

and without an access to irrigation in reducing the impacts of global warming. However, the benefits are

potentially much greater for households with an access to irrigation.

4.3.2 Heterogeneity by Farm Size

Applying the criteria in Lowder, Skoet, and Raney (2016) to our data, we then categorize households into

small farms (holding less than 12 rais), medium-sized farms (12 – 29 rais) and large farms (more than

29 rais) based on the size of their farmlands.23 Table 11 reports the coefficients obtained from separate

regressions using the different model specifications and sub-samples of households classified by farm

size. Across Model 2, we find that that larger farms tend to face larger effects from rising temperature.

Although the temperature terms are not significant in across Model 3, we see that the magnitude of the

effects of extreme weather (wet and hot days) are more sizable for larger farms. The results obtained

using Model 2 are consistent with the pattern displayed in Figure 2 which indicates and compares how

responsive the value of output to changes in temperature across the three sub-groups. Overall we find

that larger farms tend to be affected more from global warming.

Diversification by the Number of Agricultural Activities. We first combine the small and

medium-sized farms into one group and compare them to the large farms. Table 12 reports the re-

gression results obtained using model 2 specification comparing monoculture (column (1) and (3)) and

multiculture households (column (2) and (4)) with small and medium against large farm size. We find

that the coefficients on the temperature terms are much smaller in magnitude for multiculture households

in both types of farm size. Accordingly, Figure 6 illustrates that performing more than 1 agricultural

activities helps reduce the impacts of temperature by more than engaging in just one activity for farms

of small and large size.

Diversification by Type of Agricultural Activities. We now compare households performing

integrated farming (cultivation and livestock) to households only engaged in cultivation within the small

and large farms. In Table 13, we find that the coefficients of the temperature terms in column (2)

and (4) remain significant and are smaller in magnitude compared to those in columns (1) and (3),

respectively. This suggests that multiculture has a potentially important role in mitigating the impact

of global warming. To see more clearly farms of which size benefits more, we rely on Figure 7 which

plots and compare the temperature elasticity of output value and the role of diversification across both

subgroups. As larger farms are much more sensitive to changing temperatures than smaller farms,

practicing integrated farming has more room to mitigate the adverse impact of rising temperature for

larger farms. Indeed, the patterns show that diversification enhances larger farms by more than their

smaller counterparts especially as temperature becomes higher or at the extreme. Our results thus

further indicate that economies of scale could be beneficial along with diversification strategies adoption

particularly at high average temperatures in the long run.

231 rai is approximately equal to 0.4 acres. Lowder, Skoet, and Raney (2016) classify farms to be small if the farm
area is greater than 12.5 rais, 12.5–31.25 rais for medium-sized and over 31.25 for large farms. We slightly adjust these
thresholds to suit the distribution of farm size in our data such that the fraction of large farms accounts for around just
over a quarter of all households in our sample.
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4.4 Predicted Value of Output under Different Temperature Projections

Using the coefficients and fitted value obtained from our base case Model 2, we can now predict the value

of output under different climate change scenarios resulting in five different temperature projections using

the IPCC AR6 data as discussed in Section 3.3. Panel (a) of the Figure 8 depicts nation-wide annual

average temperature projection in Thailand for the period 2020 through 2050. It shows that, in the

intermediate GHG emission scenario, the annual average temperature in Thailand will rise from 26.68◦C

in 2020 to 27.39◦C by 2050. For the worst case scenario, the surface temperature in Thailand will be

27.7◦C in 2050.

Including all households in the sample, panel (b) of the Figure 8 plots the projection of the real

value of output in constant 2019 Thai Baht for each year corresponding to that year’s average annual

temperature. From Figure 1, we have seen that for an annual average temperature above an annual

average of roughly 24◦C, the temperature point elasticity of output is negative and that temperature

rises would lead to falls in the real value of output. This finding is consistent with the projection of

the real output value which, ceteris paribus, shows a gradual declining trend (in response to rises in

temperature) from around 44,000 Baht since the start of the 21st century to just below 40,000 by the

end of our estimation period in 2020.

Applying the temperature projections under five different scenarios from 2020, a world with very low

GHG emission under SSP1-1.9 must be required to stabilizes annual average agricultural output value at

just above 35,000 Baht in 2050, given that other factors are unchanged from 2020.24 The assumption that

other things would be unchanged from 2020 apart from the predicted rise in temperature is admittedly

a strong one. Several factors could have affected or shifted the level of agricultural output. For example,

advancement or adoption of new farm production technology, could even raise the value of production

despite the rise in temperature over time.25 But this empirical projection exercises can help us visualize

the adverse impact of climate on agricultural production value of households due to variation in predicted

annual average temperature under different simulated scenarios. We see that, in the worst case scenario

with very high GHG emission under (SSP5-8.5) in which annual average temperature is expected to rise

continuously, the average value of annual output is expected to drop drastically to below 30,000 Baht

which possibly would pose adverse consequences on the economy and households’ welfare.

Can agricultural diversification strategies help alleviate such impacts for the poor farmers? Figure 9

separately plots and compares the projections of agricultural output value for the households engaging in

1 agricultural activity or in 2 or 3 activities using estimates of Model (2) in column (4) and (5) of Table 5.

We find that the projected average output value across all years (and thus annual average temperature)

for households that pursue the diversification strategy are higher than that of the households that do

not diversify in every case. Importantly, the projections from 2020 onward for households that do not

diversify are much more disperse than those of the households that engage in more than one activities.

The difference in projected output between the best and the worst case scenarios is most amplified in

2050 and we see that the difference for households that do not diversify is about twice as large. It is also

worth to note that the projected output for households that diversify even in the worst case scenarios

are still much higher than the projected best case for those that do not diversify.

24All calculated projected output values are reported in the Appendix Table D1 to D6.
25Our projection analysis also neglects possible effects of lower production (due to higher temperature) on demand for

agricultural products.
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Figure 10 compares the projected output between households only engaged in cultivation against

those engaged in growing crops and rearing livestock. The same pattern and emerges suggesting that

diversification can have a vital role to play in protecting households against the potential climate changes

and resulting adverse temperature.

In Appendix Tables D7 to D34, we report the predicted percentage changes in the agricultural

output value in 2025, 2030, 2035, 2040, 2045 and 2050 with respect to the value in 2020. These predicted

percentage changes are in line with the patterns shown in Figures 8, 9 and 10. In addition, we find that

the access to irrigation helps mitigate the projected impact of rising temperature on households’ farm

output as well as enhancing the role of diversification; households with access to irrigation is projected

to benefit more from diversification. Because our projected annual temperatures over the next 30 years

are only within the range of 26 – 28 ◦C, smaller farms seem to benefit more from diversification as

they would experience smaller output loss. However, it is important to keep in mind that, as shown in

Figures 7, larger farms are predicted to be affected more by temperature changes and, in turn, would

benefit from practicing integrated farming to a larger extent than households owning larger farms when

the annual average temperature rises above 30 ◦C.

5 Discussions

In developing countries like Thailand, poor farm households often experience extremely vulnerable agri-

cultural production and income because of the combined effect of a large exposure to climatic and

economic shocks, and a lack of appropriate insurance devices, social securities and institutional sup-

ports. With global climate change, weather shocks in particular are expected to increase in frequency

and magnitude in the future, leaving smallholder farm households at even greater risk. In this paper,

we match satellite weather data with the Socio-economic Survey data of Thai farm households and

apply econometric techniques in order to quantify the impact of temperature changes on agricultural

production and study one ex ante coping mechanism of farm household, diversification of agricultural

production activities.

Our analyses reveal that increase in temperature has damaged agricultural production value of Thai

farmers. The estimated temperature point elasticity of output value is negative for corresponding annual

average temperature exceeding 24◦C, suggesting that a fall in real production value of up to 10% fol-

lowing a one percentage rise in temperature. We find sufficient evidence that agricultural diversification

strategies in which (i) households engage in more than one agricultural activities (integrated farming)

rather than only one production activity, and (ii) households engage in growing crops and raising livestock

as opposed to only engage in cultivation, are likely to have a vital role in mitigating the adverse impact

of temperature changes on the value of production, both from rising temperature and extreme weather

conditions. Moreover, we find evidence that total value of output generated by households practicing

multiculture are much less sensitive to potential changes in weather compared to that of households who

only grow one type of crop.

These could imply that, when faced with the adverse impact of temperature rises, the diversifying

households were able to switch to different agricultural activities that are less sensitive to the concurrent

adverse changes in weather. Our output projection analysis reaffirms that diversification has benefits in
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terms of limiting the potential impact of climate changes in all five different simulated scenarios classified

based on the underlying economic trend and resulting levels of GHG emissions. Finally, we also show

that, under any circumstances, households with larger share of irrigated land are associated with higher

value of output on average, suggesting that access to effective irrigation systems is crucial for farm

households.

It is important to note that the validity of these empirical exercises rests crucially on the assumption

that the estimates of the parameters are unbiased. The parameters for climate impacts are identified

from the variations in sub-district-level weather conditions. As weather conditions are in general random

and unpredictable, this variation seems reasonably orthogonal to the unobserved determinants of the

outcomes. This is especially true if panel data are used. In our case, despite the benefit of being nationally

representative, the use of repeated cross-sectional data means that some unobserved heterogeneity of

households such as entrepreneurial ability or risk preferences subsumed by the error term in the estimation

model may be correlated with both weather and production decisions.26 Furthermore, since our data are

of annual frequency, the annual average temperature may conceal the monthly or even daily dynamics

which could be vital for studying agricultural decisions.27 Our results thus need to be interpreted with

caution taking into account these potential confounding factors.28

For future research direction, it would be interesting to incorporate analyses related to soil quality,

both in terms of the impact of climate change and as a crucial factor affecting agricultural production,

provided that richer soil quality (panel) data are available. Our current household surveys lack these

information and the fact that we only have two years of spatial data on soil quality for each sub-

district has abstracted this aspect from our current study. Another direction that deserves attention

is an adoption of climate smart agricultural practices, on which we also lack the details in our survey

data. With smart farming practices and more advanced technology, farmers are likely to be better

mitigate the impact of climate change, but quantifying these effects would require much richer information

on technology adoption of farm households. Despite some limitations, our study contributes to the

literature by providing nationally representative insights into an interrelationship between agricultural

diversification and economic resilience of farm households, with applications of both historical data and

future projection on the climate change impacts.

6 Conclusions and Policy Implications

The climate change has adverse impact on households’ agricultural production in an increasing rate

and that agricultural diversification, both across different kinds of agricultural activities and across

the choices of crops, possesses great potentials to serve as an ex ante coping strategy for households to

mitigate against the adverse impact of climate change. In addition, better access to irrigation system and

smaller farm size can potentially help enhancing household production and agricultural diversification.

26There exist much smaller panel datasets on Thai rural households extensively engaged in farming, such as the Townsend
Thai data (Samphantharak and Townsend, 2010). However, the nationally representative panel data on farm households
are not available for Thailand.

27See, for example, Deschênes and Greenstone (2011) and Schlenker and Roberts (2008), for further discussions.
28Measurement or reporting errors are also common problems in survey data. Even though we have tried to address

these by a price imputation procedure and trimming on different margins, issues with imputation and trimming may still
persist.
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From a policy perspective, our main results support the country’s well-designed national climate

change strategic plans for agricultural sector which extensively encourage integrated farming and crop-

mixes strategies for farm households (Attavanich, 2018). As the household data in 2020 shows that about

70 percent of Thai farmers are still engaged in only one agricultural activity with about 40 percent of Thai

farmers producing just only one crop, Thai farm households must be educated and more informed about

the benefits of diversification with policy makers offering more desirable incentives, financial support and

advice for households to develop their second or third activities. Furthermore, with future temperature

expected to rise continuously, research and development for new farming technology and types of crops

or livestock that can equip farmers to better cope with rising temperature will be important.

In practice, advocating a major diversification strategy like an integrated crop-livestock system (ICLS)

might prove to be difficult especially in the short run with the limited farm size of generally smallholders

farmers in Thailand and with the current national challenges on government budgeting and institutional

performance constraints in driving the implementation of the plan. Nevertheless, on a high-level policy

note, while the short-run adaptations in the agricultural sector need to reflect the observed climate con-

ditions, the national sectoral policy must promote dynamic adaptation with incentives (Kurukulasuriya

and Rosenthal, 2013). Lastly, the desirable incentives to promote agricultural diversification should

incorporate the goals of poverty reduction and sustainable development that in turn will enhance the

sectoral resiliency to climate change.
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7 Tables & Figures

Table 1: Descriptive Statistics of Thai Farm Households

Variables N Mean S.D. Min P25 Median P75 Max

Panel A: Output value and revenue

Agricultural output value (’000 Baht)

Full sample 107,777 2,963 906,867 0 38 90 203 297,718,383

Trimming top 0.5% 107,214 166 225 0 38 89 200 1,999

Agricultural revenue (’000 Baht)

Full sample 107,777 465 71,893 0 25 78 198 23,478,384

Trimming top 0.5% 107,277 165 254 0 25 77 195 2,407

Panel B: Household characteristics

Household head gender (Female = 1) 107,777 0.23 0.42 0 0 0 0 1

Education of household head (Complete lower secondary school = 1) 107,777 0.25 0.44 0 0 0 1 1

Age of household head 107,777 56.12 11.49 15 48 56 64 102

Household size 107,777 4.36 1.77 1 3 4 5 20

Membership (Membership of BAAC/cooperatives = 1) 107,777 0.63 0.48 0 0 1 1 1

Panel C: Plot characteristics

Land tenured used for agriculture (Rai) 107,777 24.29 26.79 0.01 9.00 17.00 30.25 800

Land tenured used for cultivation (Rai) 107,777 23.46 26.11 0.00 8.75 16.75 30 800

Share of agricultural irrigated land 107,777 0.23 0.41 0 0 0 0.19 1

Share of rented land 107,777 0.19 0.34 0 0 0 0.25 1

Engage in growing rice (0/1) 107,777 0.55 0.50 0 0 1 1 1

Panel D: Annual weather conditions

Annual average temperature (◦C) 107,777 26.40 1.20 19.41 25.77 26.51 27.22 29.16

Annual total precipitation (mm) 107,777 848.29 259.19 388.52 679.33 786.74 940.20 2,668.94

Number of hot days 107,777 4.51 7.55 0 0 1 6.00 65.00

Number of wet days 107,777 1.21 1.37 0 0 1 2.00 23.00

Note: Unit of observation is household. All monetary variables in Panel A are in thousand baht. BAAC stands for Bank for Agriculture and Agricultural Cooperatives.
Land tenured includes land that households have full ownership, have partial ownership, rent, and do not have document identified rights (see Attavanich et al. (2019)
for further details).
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Table 2: Descriptive Statistics of Diversification Strategy

Variables N Mean S.D. Min P25 Median P75 Max

Number of agricultural activities 107,777 1.42 0.56 1 1 1 2 3

Engage in > 1 agricultural activity (0/1) 107,777 0.39 0.49 0 0 0 1 1

Engage in cultivation (0/1) 107,777 0.97 0.16 0 1 1 1 1

Engage in cultivation only (0/1) 104,961 0.59 0.49 0 0 1 1 1

Engage in cultivation & livestock (0/1) 104,961 0.35 0.48 0 0 0 1 1

Number of types of crop grown 104,961 2.03 1.06 1 1 2 2 13

Monoculture (Grow 1 crop) 104,961 0.28 0.45 0 0 0 1 1

Note: Unit of observation is household.
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Table 3: The Effects of Temperature on Farm Output Value

(1) (2) (3)

Model 1 Model 2 Model 3

Temperature -0.033∗∗∗ 0.695∗∗∗ 0.233∗

(0.004) (0.092) (0.104)

Temperature Squared -0.014∗∗∗ -0.005∗

(0.002) (0.002)

Precipitation 8.67× 10−5∗∗∗ −4.78× 10−4∗∗∗ 6.21× 10−4∗∗∗

(0.002) (0.007) (0.008)

Precipitation Squared 2.36× 10−7∗∗∗ 3.39× 10−5∗∗∗

(<0.001) (<0.001)

Number of Hot Days in a Year -0.009∗∗∗

(0.001)

Number of Wet Days in a Year -0.025∗∗∗

(0.003)

Engage in growing rice (0/1) 0.424∗∗∗ 0.434∗∗∗ 0.427∗∗∗

(0.009) (0.009) (0.009)

Share of irrigated land 0.255∗∗∗ 0.264∗∗∗ 0.266∗∗∗

(0.010) (0.010) (0.010)

Cultivation Year 2014/2015 -0.189∗∗∗ -0.204∗∗∗ -0.256∗∗∗

(0.011) (0.011) (0.012)

Cultivation Year 2011/2012 0.175∗∗∗ 0.179∗∗∗ 0.162∗∗∗

(0.015) (0.015) (0.015)

Constant 11.353∗∗∗ 2.520∗ 7.931∗∗∗

(0.148) (1.165) (1.301)

No. of Observations 107214 107214 107214

R-squared 0.378 0.378 0.380

Adjusted R-squared 0.378 0.378 0.380

Note: Unit of observations is household. All regressions include a set of region dummies
and a quadratic time trend. Other household-level controls included but not shown in the
table are household size, whether household head is female, age of household head, whether
household head completed secondary education, whether household has cooperatives or BAAC
membership, share of rented land, and the size of land tenured used for agriculture. Robust
standard errors are reported in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001

Table 4: Elasticity at Mean of Agricultural Output Value with Respect to Annual
Average Temperature

Whole Sample
By number of agricultural activities By types of agricultural activities

1 Activity 2 or 3 Activities Cultivation only Cultivation and Livestock

Elasticity
-1.690∗∗∗ -1.989∗∗∗ -0.876∗∗∗ -1.042∗∗∗ -1.00∗∗∗

(-1.967, -1.413) (-2.368, -1.610) ( -1.250, -0.501) ( -1.392, -0.691) ( -1.408, -0.597)

Note: Point elasticity evaluated at mean temperature (26.4◦C) over 2006–2020 experienced by households in the sample.
95 % confidence interval are reported in parentheses. *** p < 0.001

21



Table 5: The Effects of Temperature on Farm Output Value by Number of Agricultural Activities

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6) (7) (8) (9)

1 Activity 2/3 Activities All 1 Activity 2/3 Activities All 1 Activity 2/3 Activities All

Temperature -0.037∗∗∗ -0.020∗∗∗ -0.031∗∗∗ 0.846∗∗∗ 0.320∗ 0.577∗∗∗ 0.444∗∗ -0.256 0.121

(0.006) (0.006) (0.005) (0.125) (0.127) (0.117) (0.142) (0.141) (0.128)

Temperature Squared -0.017∗∗∗ -0.007∗∗ -0.012∗∗∗ -0.009∗∗ 0.005 -0.002

(0.002) (0.002) (0.002) (0.003) (0.003) (0.002)

Precipitation 1.96× 10−4∗∗∗ −7.24× 10−4∗ 1.06× 10−4∗∗∗ −3.76× 10−4∗∗∗ −3.60× 10−4∗∗ −4.30× 10−4∗∗∗ −5.04× 10−4∗∗∗ −5.50× 10−4∗∗∗ −5.66× 10−4∗∗∗

(0.003) (0.003) (0.002) (0.01) (0.011) (0.007) (0.01) (0.011) (0.007)

Precipitation Squared 2.30× 10−7∗∗∗ 1.29× 10−7∗ 2.25× 10−7∗∗∗ 3.33× 10−7∗∗∗ 2.39× 10−7∗∗∗ 3.27× 10−7∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Number of Hot Days in a Year -0.008∗∗∗ -0.011∗∗∗ -0.009∗∗∗

(0.001) (0.001) (0.001)

Number of Wet Days in a Year -0.032∗∗∗ -0.014∗∗∗ -0.027∗∗∗

(0.004) (0.004) (0.003)

Engage in > 1 agricultural activity (0/1) 0.101 -3.577 -3.807

(0.150) (1.976) (1.986)

Engage in > 1 agricultural activity (0/1) × Temperature 0.003 0.295 0.310∗

(0.006) (0.153) (0.153)

Engage in > 1 agricultural activity (0/1) × Temperature Squared -0.006∗ -0.006∗

(0.003) (0.003)

Engage in growing rice (0/1) 0.475∗∗∗ 0.276∗∗∗ 0.403∗∗∗ 0.486∗∗∗ 0.280∗∗∗ 0.412∗∗∗ 0.483∗∗∗ 0.266∗∗∗ 0.406∗∗∗

(0.012) (0.012) (0.009) (0.012) (0.012) (0.009) (0.012) (0.012) (0.009)

Share of irrigated land 0.277∗∗∗ 0.233∗∗∗ 0.265∗∗∗ 0.290∗∗∗ 0.235∗∗∗ 0.273∗∗∗ 0.292∗∗∗ 0.236∗∗∗ 0.275∗∗∗

(0.013) (0.014) (0.010) (0.013) (0.014) (0.010) (0.013) (0.014) (0.010)

Cultivation Year 2014/2015 -0.166∗∗∗ -0.219∗∗∗ -0.184∗∗∗ -0.180∗∗∗ -0.227∗∗∗ -0.199∗∗∗ -0.229∗∗∗ -0.286∗∗∗ -0.251∗∗∗

(0.016) (0.014) (0.011) (0.016) (0.015) (0.011) (0.017) (0.015) (0.012)

Cultivation Year 2011/2012 0.162∗∗∗ 0.182∗∗∗ 0.171∗∗∗ 0.165∗∗∗ 0.183∗∗∗ 0.174∗∗∗ 0.149∗∗∗ 0.164∗∗∗ 0.158∗∗∗

(0.023) (0.017) (0.015) (0.023) (0.017) (0.015) (0.023) (0.017) (0.015)

Constant 11.395∗∗∗ 11.077∗∗∗ 11.280∗∗∗ 0.571 6.965∗∗∗ 3.938∗∗ 5.295∗∗ 13.704∗∗∗ 9.286∗∗∗

(0.189) (0.337) (0.168) (1.591) (1.624) (1.505) (1.788) (1.782) (1.628)

No. of Observations 65163 42051 107214 65163 42051 107214 65163 42051 107214

R-squared 0.377 0.409 0.382 0.377 0.409 0.382 0.379 0.411 0.384

Adjusted R-squared 0.377 0.408 0.382 0.377 0.409 0.382 0.378 0.411 0.384

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other household-level controls included but not shown in the table are household size, whether household head is female, age of household
head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and the size of land tenured used for agriculture. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 6: The Effects of Temperature on Farm Output Value by Types of Agricultural Activities

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Cutivation
Cultivation &

All Cutivation
Cultivation &

All Cutivation
Cultivation &

All
Livestock Livestock Livestock

Temperature -0.007 -0.020∗∗ -0.014∗∗ 0.713∗∗∗ 0.420∗∗ 0.565∗∗∗ 0.071 -0.167 -0.026

(0.006) (0.006) (0.005) (0.121) (0.132) (0.110) (0.138) (0.146) (0.121)

Temperature Squared -0.014∗∗∗ -0.009∗∗∗ -0.011∗∗∗ -0.001 0.004 0.001

(0.002) (0.003) (0.002) (0.003) (0.003) (0.002)

Precipitation 1.50× 10−4∗∗∗ −9.25× 10−4∗∗ 7.14× 10−4∗∗∗ −3.52× 10−4∗∗∗ −4.47× 10−4∗∗∗ −4.10× 10−4∗∗∗ −5.35× 10−4∗∗∗ −6.35× 10−4∗∗∗ −5.38× 10−4∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Precipitation Squared 2.04× 10−7∗∗∗ 1.57× 10−7∗∗ 2.01× 10−4∗∗∗ 3.23× 10−4∗∗∗ 2.66× 10−4∗∗∗ 3.17× 10−4∗∗∗

(<0.001) (0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Number of Hot Days in a Year -0.012∗∗∗ -0.011∗∗∗ -0.011∗∗∗

(0.001) (0.001) (0.001)

Number of Wet Days in a Year -0.025∗∗∗ -0.014∗∗ -0.024∗∗∗

(0.004) (0.004) (0.003)

Engage in cultivation & livestock (0/1) -0.084 -2.835 -2.924

(0.148) (1.952) (1.965)

Engage in cultivation & livestock (0/1) × Temperature 0.007 0.227 0.230

(0.006) (0.151) (0.152)

Engage in cultivation & livestock (0/1) × Temperature Squared -0.004 -0.004

(0.003) (0.003)

Engage in growing rice (0/1) 0.285∗∗∗ 0.249∗∗∗ 0.293∗∗∗ 0.296∗∗∗ 0.255∗∗∗ 0.302∗∗∗ 0.287∗∗∗ 0.239∗∗∗ 0.292∗∗∗

(0.011) (0.012) (0.008) (0.011) (0.012) (0.008) (0.011) (0.012) (0.008)

Share of irrigated land 0.274∗∗∗ 0.227∗∗∗ 0.256∗∗∗ 0.284∗∗∗ 0.229∗∗∗ 0.263∗∗∗ 0.285∗∗∗ 0.231∗∗∗ 0.265∗∗∗

(0.012) (0.015) (0.009) (0.012) (0.015) (0.009) (0.012) (0.015) (0.009)

Cultivation Year 2014/2015 -0.206∗∗∗ -0.197∗∗∗ -0.203∗∗∗ -0.218∗∗∗ -0.209∗∗∗ -0.216∗∗∗ -0.282∗∗∗ -0.270∗∗∗ -0.278∗∗∗

(0.015) (0.015) (0.011) (0.015) (0.016) (0.011) (0.016) (0.016) (0.011)

Cultivation Year 2011/2012 0.235∗∗∗ 0.224∗∗∗ 0.217∗∗∗ 0.238∗∗∗ 0.225∗∗∗ 0.220∗∗∗ 0.217∗∗∗ 0.202∗∗∗ 0.199∗∗∗

(0.019) (0.018) (0.013) (0.019) (0.018) (0.013) (0.019) (0.018) (0.013)

Constant 10.853∗∗∗ 11.704∗∗∗ 11.064∗∗∗ 2.065 6.386∗∗∗ 4.041∗∗ 9.639∗∗∗ 13.259∗∗∗ 11.007∗∗∗

(0.176) (0.239) (0.153) (1.543) (1.666) (1.420) (1.742) (1.828) (1.545)

No. of Observations 61696 36106 104429 61696 36106 104429 61696 36106 104429

R-squared 0.409 0.413 0.405 0.410 0.414 0.405 0.412 0.416 0.408

Adjusted R-squared 0.409 0.413 0.405 0.410 0.413 0.405 0.412 0.416 0.408

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other household-level controls included but not shown in the table are household size, whether household head is female, age of household
head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and the size of land tenured used for agriculture. Robust standard errors are reported in parentheses. *
p < 0.05, ** p < 0.01, *** p < 0.001
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Table 7: The Effects of Temperature on Farm Output Value by Number of Crop Grown

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Monoculture Multiculture All Monoculture Multiculture All Monoculture Multiculture All

Temperature 0.044∗∗∗ 0.002 0.033∗∗∗ 1.475∗∗∗ 0.239 -0.504∗∗∗ 1.163∗∗∗ -0.520∗∗ -1.125∗∗∗

(0.011) (0.006) (0.006) (0.233) (0.143) (0.139) (0.265) (0.164) (0.154)

Temperature Squared -0.028∗∗∗ -0.005 0.010∗∗∗ -0.021∗∗∗ 0.011∗∗∗ 0.023∗∗∗

(0.004) (0.003) (0.003) (0.005) (0.003) (0.003)

Precipitation 1.86× 10−4∗∗∗ 9.31× 10−5∗∗ 3.73× 10−5 −3.02× 10−4 −6.02× 10−4 ∗∗∗ −5.29× 10−4 ∗∗∗ −3.97× 10−4 ∗ −8.372× 10−4 ∗∗∗ −7.12× 10−4 ∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Precipitation Squared 1.83× 10−7∗∗ 3.10× 10−7∗∗∗ 2.40× 10−7∗∗∗ 2.68× 10−7∗∗∗ 4.38× 10−7∗∗∗ 3.60× 10−7∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Number of Hot Days in a Year -0.005∗∗∗ -0.014∗∗∗ -0.012∗∗∗

(0.001) (0.001) (0.001)

Number of Wet Days in a Year -0.031∗∗∗ -0.021∗∗∗ -0.025∗∗∗

(0.006) (0.005) (0.004)

Multictop (0/1) 2.563∗∗∗ -50.778∗∗∗ -48.733∗∗∗

(0.223) (3.176) (3.158)

Multictop (0/1)=1 × Temperature -0.108∗∗∗ 3.974∗∗∗ 3.819∗∗∗

(0.008) (0.241) (0.240)

Multictop (0/1)=1 × Temperature Squared -0.078∗∗∗ -0.075∗∗∗

(0.005) (0.005)

Engage in growing rice (0/1) -0.042∗ 0.293∗∗∗ 0.231∗∗∗ -0.022 0.300∗∗∗ 0.238∗∗∗ -0.024 0.288∗∗∗ 0.229∗∗∗

(0.020) (0.013) (0.011) (0.020) (0.013) (0.011) (0.020) (0.013) (0.011)

Share of irrigated land 0.003 0.317∗∗∗ 0.242∗∗∗ 0.028 0.321∗∗∗ 0.253∗∗∗ 0.031 0.321∗∗∗ 0.253∗∗∗

(0.022) (0.014) (0.012) (0.022) (0.015) (0.012) (0.022) (0.015) (0.012)

Cultivation Year 2011/2012 0.334∗∗∗ 0.207∗∗∗ 0.247∗∗∗ 0.331∗∗∗ 0.217∗∗∗ 0.253∗∗∗ 0.316∗∗∗ 0.194∗∗∗ 0.231∗∗∗

(0.037) (0.022) (0.019) (0.037) (0.022) (0.019) (0.037) (0.022) (0.019)

Cultivation Year 2014/2015 -0.102∗∗∗ -0.221∗∗∗ -0.204∗∗∗ -0.122∗∗∗ -0.232∗∗∗ -0.215∗∗∗ -0.160∗∗∗ -0.304∗∗∗ -0.280∗∗∗

(0.026) (0.018) (0.015) (0.026) (0.018) (0.015) (0.027) (0.019) (0.015)

Constant 9.064∗∗∗ 10.859∗∗∗ 9.944∗∗∗ -8.967∗∗ 8.383∗∗∗ 17.424∗∗∗ -5.244 17.307∗∗∗ 24.718∗∗∗

(0.371) (0.196) (0.180) (3.013) (1.814) (1.771) (3.385) (2.055) (1.946)

No. of Observations 18682 43010 61692 18682 43010 61692 18682 43010 61692

R-squared 0.350 0.448 0.422 0.351 0.449 0.426 0.353 0.451 0.428

Adjusted R-squared 0.349 0.448 0.421 0.351 0.448 0.426 0.352 0.451 0.428

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other household-level controls included but not shown in the table are household size, whether household
head is female, age of household head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and the size of land tenured used for cultivation.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table 8: The Effects of Temperature on Farm Output Value by Access to Irrigation

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6)

Non-irrigated Irrigated Non-irrigated Irrigated Non-irrigated Irrigated

Temperature -0.030∗∗∗ -0.041∗∗∗ 0.846∗∗∗ 0.744∗∗∗ 0.429∗∗∗ 0.058

(0.005) (0.009) (0.117) (0.167) (0.129) (0.191)

Temperature Squared -0.017∗∗∗ -0.015∗∗∗ -0.009∗∗∗ -0.001

(0.002) (0.003) (0.003) (0.004)

Precipitation 1.13× 10−4∗∗∗ 4.04× 10−4 −5.86× 10−4∗∗∗ 1.79× 10−4 −7.05× 10−4∗∗∗ −6.37× 10−4

(< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001) (< 0.001)

Precipitation Squared 2.90× 10−7∗∗∗ −9.71× 10−8 3.82× 10−7∗∗∗ 3.36× 10−8

(< 0.001) (< 0.001) (< 0.001) (< 0.001)

Number of Hot Days in a Year -0.009∗∗∗ -0.011∗∗∗

(0.001) (0.001)

Number of Wet Days in a Year -0.026∗∗∗ -0.008

(0.003) (0.007)

Engage in growing rice (0/1) 0.330∗∗∗ 0.763∗∗∗ 0.341∗∗∗ 0.767∗∗∗ 0.334∗∗∗ 0.762∗∗∗

(0.010) (0.020) (0.010) (0.020) (0.010) (0.021)

Share of irrigated land -0.059∗ -0.057 -0.055

(0.029) (0.030) (0.029)

Cultivation Year 2011/2012 0.159∗∗∗ 0.184∗∗∗ 0.163∗∗∗ 0.179∗∗∗ 0.148∗∗∗ 0.156∗∗∗

(0.017) (0.030) (0.017) (0.030) (0.017) (0.030)

Cultivation Year 2014/2015 -0.159∗∗∗ -0.284∗∗∗ -0.180∗∗∗ -0.294∗∗∗ -0.230∗∗∗ -0.357∗∗∗

(0.013) (0.021) (0.013) (0.021) (0.014) (0.023)

Constant 11.131∗∗∗ 11.902∗∗∗ 0.589 1.766 5.438∗∗∗ 9.913∗∗∗

(0.283) (0.272) (1.493) (2.123) (1.637) (2.395)

No. of Observations 79544 27671 79544 27671 79544 27671

R-squared 0.357 0.410 0.358 0.411 0.360 0.412

Adjusted R-squared 0.357 0.410 0.358 0.410 0.360 0.412

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other household-level
controls included but not shown in the table are household size, whether household head is female, age of household head, whether household head
completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and the size of land tenured used
for agriculture. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 9: The Effects of Temperature on Farm Output Value by Access to Irrigation
and Number of Agricultural Activities

Non-irrigated (Model 2) Irrigated (Model 2)

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

1 Activity 2/3 Activities 1 Activity 2/3 Activities

Temperature 0.891∗∗∗ 0.636∗∗∗ 1.040∗∗∗ -0.064

(0.164) (0.150) (0.224) (0.245)

Temperature Squared -0.018∗∗∗ -0.013∗∗∗ -0.021∗∗∗ 0.001

(0.003) (0.003) (0.004) (0.005)

Precipitation −3.85× 10−4∗∗∗ −5.47× 10−4∗∗∗ 4.50× 10−4∗∗∗ 4.70× 10−4 ∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)

Precipitation Squared 2.47× 10−7∗∗∗ 2.26× 10−7∗∗∗ −4.14× 10−8 ∗∗∗ −2.30× 10−7 ∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)

Engage in growing rice (0/1) 0.355∗∗∗ 0.248∗∗∗ 0.874∗∗∗ 0.477∗∗∗

(0.013) (0.013) (0.026) (0.028)

Share of irrigated land -0.024 -0.068

(0.044) (0.036)

Cultivation Year 2011/2012 0.147∗∗∗ 0.166∗∗∗ 0.182∗∗∗ 0.170∗∗∗

(0.029) (0.018) (0.040) (0.040)

Cultivation Year 2014/2015 -0.126∗∗∗ -0.233∗∗∗ -0.301∗∗∗ -0.261∗∗∗

(0.020) (0.016) (0.026) (0.035)

Constant -0.054 3.077 -1.783 11.291∗∗∗

(2.097) (1.943) (2.871) (3.117)

No. of Observations 45638 33906 19522 8149

R-squared 0.349 0.403 0.416 0.423

Adjusted R-squared 0.349 0.403 0.416 0.421

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time
trend. Other household-level controls included but not shown in the table are household size, whether household
head is female, age of household head, whether household head completed secondary education, whether household
has cooperatives or BAAC membership, share of rented land, and the size of land tenured used for agriculture. *
p < 0.05, ** p < 0.01, *** p < 0.001
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Table 10: The Effects of Temperature on Farm Output Value by Access to Irrigation
and Types of Agricultural Activities

Non-irrigated (Model 2) Irrigated (Model 2)

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

Cultivation Cultivation & Livestock Cultivation Cultivation & Livestock

Temperature 0.706∗∗∗ 0.760∗∗∗ 1.109∗∗∗ -0.054

(0.160) (0.155) (0.216) (0.257)

Temperature Squared -0.014∗∗∗ -0.016∗∗∗ -0.022∗∗∗ 0.001

(0.003) (0.003) (0.004) (0.005)

Precipitation −4.30× 10−4∗∗∗ −6.18× 10−4∗∗∗ 2.75× 10−4 ∗∗∗ 3.66× 10−4 ∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)

Precipitation Squared 2.49× 10−7∗∗∗ 2.33× 10−7∗∗∗ −1.50× 10−7∗∗∗ −1.69× 10−7 ∗∗∗

(< 0.001) (< 0.001) (< 0.001) (< 0.001)

Engage in growing rice (0/1) 0.165∗∗∗ 0.241∗∗∗ 0.670∗∗∗ 0.377∗∗∗

(0.012) (0.014) (0.025) (0.030)

Share of irrigated land -0.045 -0.099∗

(0.041) (0.039)

Cultivation Year 2011/2012 0.239∗∗∗ 0.200∗∗∗ 0.233∗∗∗ 0.256∗∗∗

(0.022) (0.019) (0.035) (0.044)

Cultivation Year 2014/2015 -0.159∗∗∗ -0.216∗∗∗ -0.342∗∗∗ -0.223∗∗∗

(0.019) (0.017) (0.025) (0.039)

Constant 2.308 2.040 -2.871 11.828∗∗∗

(2.051) (1.950) (2.772) (3.249)

No. of Observations 43284 29668 18408 6441

R-squared 0.390 0.411 0.431 0.426

Adjusted R-squared 0.390 0.411 0.431 0.424

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other
household-level controls included but not shown in the table are household size, whether household head is female, age of household
head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of
rented land, and the size of land tenured used for agriculture. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 11: The Effects of Temperature on Farm Output Value by Farm Size

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Small farm Midsize farm Large farm Small farm Midsize farm Large farm Small farm Midsize farm Large farm

Temperature -0.054∗∗∗ -0.039∗∗∗ -0.000 0.384∗ 0.713∗∗∗ 1.288∗∗∗ 0.028 0.028 0.197

(0.008) (0.006) (0.007) (0.157) (0.145) (0.140) (0.171) (0.164) (0.161)

Temperature Squared -0.009∗∗ -0.015∗∗∗ -0.025∗∗∗ -0.001 -0.000 -0.003

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Precipitation −3.81× 10−4 ∗∗∗ −3.64× 10−4 ∗∗∗ 8.31× 10−4∗∗∗ −1.06× 10−3∗∗∗ −4.42× 10−4∗∗∗ 3.84× 10−4 −1.21× 10−3∗∗∗ 6.31× 10−3∗∗∗ −2.15× 10−4

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Precipitation Squared 4.40× 10−7∗∗∗ 1.65× 10−7∗∗∗ −5.18× 10−9 5.12× 10−7∗∗∗ 2.76× 10−7∗∗∗ 1.47× 10−7∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Number of Hot Days in a Year -0.009∗∗∗ -0.012∗∗∗ -0.015∗∗∗

(0.001) (0.001) (0.001)

Number of Wet Days in a Year -0.009 -0.015∗∗∗ -0.024∗∗∗

(0.005) (0.004) (0.005)

Engage in growing rice (0/1) 0.276∗∗∗ 0.204∗∗∗ 0.161∗∗∗ 0.285∗∗∗ 0.212∗∗∗ 0.163∗∗∗ 0.277∗∗∗ 0.197∗∗∗ 0.151∗∗∗

(0.013) (0.013) (0.017) (0.013) (0.013) (0.017) (0.013) (0.013) (0.017)

Share of irrigated land 0.280∗∗∗ 0.340∗∗∗ 0.324∗∗∗ 0.281∗∗∗ 0.350∗∗∗ 0.352∗∗∗ 0.284∗∗∗ 0.348∗∗∗ 0.341∗∗∗

(0.017) (0.014) (0.015) (0.017) (0.014) (0.016) (0.017) (0.014) (0.015)

Cultivation Year 2011/2012 0.125∗∗∗ 0.238∗∗∗ 0.199∗∗∗ 0.138∗∗∗ 0.239∗∗∗ 0.194∗∗∗ 0.123∗∗∗ 0.216∗∗∗ 0.165∗∗∗

(0.027) (0.019) (0.023) (0.027) (0.019) (0.023) (0.027) (0.019) (0.023)

Cultivation Year 2014/2015 -0.199∗∗∗ -0.201∗∗∗ -0.248∗∗∗ -0.216∗∗∗ -0.216∗∗∗ -0.261∗∗∗ -0.257∗∗∗ -0.279∗∗∗ -0.349∗∗∗

(0.022) (0.015) (0.016) (0.022) (0.015) (0.016) (0.023) (0.016) (0.017)

Constant 10.880∗∗∗ 11.825∗∗∗ 11.721∗∗∗ 6.121∗∗ 2.554 -4.807∗∗ 10.193∗∗∗ 10.641∗∗∗ 8.353∗∗∗

(0.285) (0.199) (0.225) (1.977) (1.841) (1.794) (2.128) (2.067) (2.036)

No. of Observations 36527 40735 29953 36527 40735 29953 36527 40735 29953

R-squared 0.236 0.250 0.296 0.237 0.251 0.298 0.238 0.254 0.304

Adjusted R-squared 0.235 0.249 0.295 0.237 0.250 0.297 0.238 0.254 0.303

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other household-level controls included but not shown in the table are household size, whether
household head is female, age of household head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and the size of land tenured
used for agriculture. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 12: The Effects of Temperature on Farm Output Value by Farm Size and
Number of Agricultural Activities

Small & Midsize farm (Model 2) Large farm (Model 2)

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

1 Activity 2/3 Activities 1 Activity 2/3 Activities

Temperature 0.723∗∗∗ 0.279 1.567∗∗∗ 0.655∗∗

(0.147) (0.145) (0.191) (0.207)

Temperature Squared -0.016∗∗∗ -0.006∗ -0.030∗∗∗ -0.013∗∗

(0.003) (0.003) (0.004) (0.004)

Precipitation −7.58× 10−4∗∗∗ −5.00× 10−4∗∗∗ 2.11× 10−4 ∗∗∗ −1.20× 10−4 ∗∗∗

(0.000) (0.000) (0.000) (0.000)

Precipitation Squared 3.39× 10−7∗∗∗ 1.65× 10−7∗∗ −4.51× 10−8 ∗∗∗ −4.72× 10−9 ∗∗∗

(0.000) (0.000) (0.000) (0.000)

Engage in growing rice (0/1) 0.312∗∗∗ 0.185∗∗∗ 0.193∗∗∗ 0.094∗∗∗

(0.013) (0.012) (0.023) (0.022)

Share of irrigated land 0.322∗∗∗ 0.285∗∗∗ 0.390∗∗∗ 0.286∗∗∗

(0.015) (0.015) (0.020) (0.023)

Cultivation Year 2011/2012 0.171∗∗∗ 0.175∗∗∗ 0.187∗∗∗ 0.194∗∗∗

(0.027) (0.019) (0.037) (0.027)

Cultivation Year 2014/2015 -0.185∗∗∗ -0.234∗∗∗ -0.249∗∗∗ -0.285∗∗∗

(0.018) (0.017) (0.022) (0.023)

Constant 2.187 7.231∗∗∗ -8.507∗∗∗ 3.328

(1.863) (1.880) (2.458) (2.624)

No. of Observations 46854 30408 18306 11647

R-squared 0.329 0.350 0.268 0.357

Adjusted R-squared 0.329 0.350 0.267 0.356

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time
trend. Other household-level controls included but not shown in the table are household size, whether household
head is female, age of household head, whether household head completed secondary education, whether household
has cooperatives or BAAC membership, share of rented land, and the size of land tenured used for agriculture. *
p < 0.05, ** p < 0.01, *** p < 0.001
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Table 13: The Effects of Temperature on Farm Output Value by Farm Size and Types
of Agricultural Activities

Small & Midsize farm (Model 2) Large farm (Model 2)

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

Cultivation Cultivation & Livestock Cultivation Cultivation & Livestock

Temperature 0.594∗∗∗ 0.400∗∗ 1.569∗∗∗ 0.703∗∗

(0.143) (0.149) (0.180) (0.224)

Temperature Squared -0.012∗∗∗ -0.009∗∗ -0.030∗∗∗ -0.014∗∗

(0.003) (0.003) (0.003) (0.004)

Precipitation −7.33× 10−4∗∗∗ −6.03× 10−4∗∗∗ 1.74× 10−4 ∗∗∗ −1.55× 10−4 ∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001)

Precipitation Squared 3.21× 10−70∗∗∗ 2.00× 10−7∗∗∗ −6.06× 10−8 ∗∗∗ −2.05× 10−9 ∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001)

Engage in growing rice (0/1) 0.149∗∗∗ 0.158∗∗∗ 0.008 0.074∗∗

(0.012) (0.013) (0.019) (0.023)

Share of irrigated land 0.314∗∗∗ 0.287∗∗∗ 0.416∗∗∗ 0.268∗∗∗

(0.014) (0.016) (0.019) (0.026)

Cultivation Year 2011/2012 0.254∗∗∗ 0.222∗∗∗ 0.250∗∗∗ 0.219∗∗∗

(0.022) (0.020) (0.029) (0.030)

Cultivation Year 2014/2015 -0.218∗∗∗ -0.210∗∗∗ -0.274∗∗∗ -0.277∗∗∗

(0.017) (0.018) (0.021) (0.025)

Constant 3.593∗ 6.846∗∗∗ -8.471∗∗∗ 2.790

(1.819) (1.888) (2.318) (2.841)

No. of Observations 43936 26347 17756 9762

R-squared 0.360 0.358 0.307 0.365

Adjusted R-squared 0.360 0.358 0.306 0.364

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other household-
level controls included but not shown in the table are household size, whether household head is female, age of household head, whether
household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land,
and the size of land tenured used for agriculture. * p < 0.05, ** p < 0.01, *** p < 0.001
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Figure 1: Point Elasticity of Agricultural Output Value with Respect to Annual Average Temperature

(a) Whole sample (Model 2) (b) Whole sample (Model 3)

(c) By number of agricultural activities (d) By types of agricultural activities
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Figure 2: Point Elasticity of Agricultural Output Value with Respect to Annual
Average Temperature by Access to Irrigation

Figure 3: Point Elasticity of Agricultural Output Value with Respect to Annual
Average Temperature by Access to Irrigation and Number of Agricultural Activity

(a) No access to Irrigation (b) Access to irrigation
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Figure 4: Point Elasticity of Agricultural Output Value with Respect to Annual
Average Temperature by Access to Irrigation and Types of Agricultural Activity

(a) No access to Irrigation (b) Access to irrigation

Figure 5: Point Elasticity of Agricultural Output Value with Respect to Annual
Average Temperature by Farm Size

Figure 6: Point Elasticity of Agricultural Output Value with Respect to Annual
Average Temperature by Farm Size and Number of Agricultural Activity

(a) Small and midsize farm (< 29 rais) (b) Large farm (≥ 29 rais)
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Figure 7: Point Elasticity of Agricultural Output Value with Respect to Annual
Average Temperature by Farm Size and Types of Agricultural Activity

(a) Small and midsize farm (< 29 rais) (b) Large farm (≥ 29 rais)
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Figure 8: Agricultural Output Value and Temperature Projection

(a) Temperature Projection

(b) Agricultural Output Value Projection

Note: The bottom panel plots the projected annual average household’s real agricultural output value by different
climate change scenario. The household and plot characteristics in 2020 were used to calculate projected value. The
temperature predictions are from the latest Intergovernmental Panel of Climate Change (IPCC) Assessment Report
(AR6).
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Figure 9: Output Value Projection by Number of Agricultural Activities

Note: The figure plots the projected annual average household’s real agricultural output value by different climate
change scenario andby number of agricultural activities. We use household and plot characteristics in 2020 to calcu-
late projected value
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Figure 10: Output Value Projection by Type of Agricultural Activities

Note: The figure plots the projected annual average household’s real agricultural output value by different climate
change scenario and type of agricultural activities. We use household and plot characteristics in 2020 to calculate
projected value
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Appendix

A The Validity of the ERA5 data

To test the validity of our gridded ERA5 data, we compare with the monthly climate data during

1981–2020 recorded at each ground station by Thailand’s Meteorological Department. The dataset is

obtained from Pipitpukdee, Attavanich, and Bejranonda (2020). Because of the sparse coverage of the

ground stations in Thailand (Figure A1), the data from ground stations are used to construct weather

data for each province using weighted least squares and controlling for the distance from the province

centroid (Mendelsohn, Nordhaus, and Shaw, 1994). The weight is the inverse of the square root of

a station’s distance from the province centroid, and is computed based on the concept that closer

stations to the province center contain more related climate information of the center. We use a 250

km radius from each province center to obtain information from stations falling within the bounding

area.

We perform statistical analysis comparing the two datasets and provide the results in Table A1,

which reports the correlation coefficient (r), the Root-Mean-Square Error (RMSE), and the coefficient

of determination (R2). The correlation coefficient between ERA5 and the ground-station weather data

is positively significant for both temperature and precipitation, which indicates strong correlations in

most months. The RMSE measures the average magnitude of the estimated errors between the ERA5

data and the ground-stations data.29 The RMSE for temperature is quite low for temperature at only

1.37. However, that of precipitation is relatively higher at 136.8 (58.73 for 2007–2020). This is possible

because Thailand is located in a typical monsoon region where the monsoonal circulation substan-

tially impacts precipitation distribution. However, during a long period of precipitation, precipitation

variability is present, ERA5 provides reliable data on precipitation trends (for example, see a recent

case study in China Jiao et al. (2021)). Finally, the R2 indicates the strength of the relationship of the

monthly ERA5 and ground-stations data, which we find to be 0.7569% and 0.7327%, respectively for

temperature and precipitation. This suggests a moderately strong relationship for both precipitation

and temperature data (based on Bai et al. (2010)).

We further illustrate these strong correlations between the two datasets in Figures A2 and A3.

Figure A2 plots and compares the monthly average of the daily mean temperatures for Thailand in

degree Celcius for each month from January 1981 (month 1) to December 2020 (month 480) using

the ERA5 data (in red) and ground stations data (in blue).30 The two line graphs indicates that the

variations in average monthly temperature between the two datasets are strongly linked. A similar

pattern is found for precipitation as shown in Figure A3, which compares the monthly average of the

total daily rainfalls in millimeters for each month. These results further ensure the reliability of the

ERA5 data for use in our empirical investigations.

29A lower RMSE value means greater central tendencies and small extreme error. RMSE with the zero value is the
perfect score. See Bayissa et al. (2017) for further details.

30Daily mean temperatures in the ERA5 data are aggregated using the 0.1-degree pixel for each province and are
then computed as the country average.

42



Table A1: Summary of Statistical Indicators, Comparing ERA5 & Ground-station Data

Variables r RMSE R2

Temperature 0.8700 1.3719 0.7569
Precipitation 0.7022 136.794 0.7327

Note: Author’s calculations based on the
ERA5 reanalysis data from the European Cen-
ter for Medium-Range Weather Forecasts and the
ground-stations data from Thailand’s Meteoro-
logical Department. The table reports the corre-
lation coefficient (r), the Root-Mean-Square Er-
ror (RMSE), and the coefficient of determination
(R2) for comparisons.
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Figure A1: Weather Ground Stations in Thailand (2020)

Note: The diagram illustrates an unevenly spatial distribution of all weather ground stations (in yellow dots) at
provincial boundaries in Thailand. Data are from Thailand’s Meteorological Department.
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Figure A2: Monthly Average Temperatures, ERA5 (red) vs Ground Stations (blue)

Note: The line graphs plot the monthly average of the daily mean temperatures in degree Celcius for each month
from January 1981 (month 1) to December 2020 (month 480) using the ERA5 data (in red) and ground stations data
(in blue). Daily mean temperatures in the ERA5 data are aggregated using the 0.1-degree pixel for each province and
are then computed as the country average. ERA5 are the climate reanalysis data processed and obtained from the
European Center for Medium-Range Weather Forecasts data by the authors. Ground-stations data are from Thai-
land’s Meteorological Department.

Figure A3: Monthly Average Total Rainfalls, ERA5 (red) vs Ground Stations (blue)

Note: The line graphs plot the monthly average of the total daily rainfalls in millimeters for each month from January
1981 (month 1) to December 2020 (month 480) using the ERA5 data (in red) and ground stations data (in blue).
Daily total rainfalls in the ERA5 data are aggregated using the 0.1-degree pixel for each province and are then com-
puted as the country average. ERA5 are the climate reanalysis data processed and obtained from the European Cen-
ter for Medium-Range Weather Forecasts data by the authors. Ground-stations data are from Thailand’s Meteorologi-
cal Department.
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B The Effects of Climate Change on Agricultural Revenue

Table B1: The Effects of Temperature Changes on Farm Revenue

(1) (2) (3)

Model 1 Model 2 Model 3

Temperature 0.026∗∗∗ 0.161 -0.574∗∗∗

(0.005) (0.102) (0.114)

Temperature Squared -0.003 0.013∗∗∗

(0.002) (0.002)

Precipitation 1.10× 10−4∗∗∗ −1.92× 10−4∗ −4.21× 10−41∗∗∗

(<0.001) (<0.001) (<0.001)

Precipitation Squared 1.31× 10−7∗∗∗ 2.75× 10−7∗∗∗

(<0.001) (<0.001)

Number of Hot Days in a Year -0.014∗∗∗

(0.001)

Number of Wet Days in a Year -0.025∗∗∗

(0.003)

Engage in growing rice (0/1) 0.158∗∗∗ 0.161∗∗∗ 0.151∗∗∗

(0.010) (0.010) (0.010)

Share of irrigated land 0.273∗∗∗ 0.274∗∗∗ 0.275∗∗∗

(0.011) (0.011) (0.011)

Cultivation Year 2014/2015 -0.193∗∗∗ -0.198∗∗∗ -0.273∗∗∗

(0.013) (0.013) (0.014)

Cultivation Year 2011/2012 0.150∗∗∗ 0.154∗∗∗ 0.128∗∗∗

(0.016) (0.016) (0.016)

Constant 10.066∗∗∗ 8.578∗∗∗ 17.230∗∗∗

(0.155) (1.294) (1.439)

No. of Observations 101309 101309 101309

R-squared 0.370 0.370 0.372

Adjusted R-squared 0.370 0.370 0.372

Note: Unit of observations is household. All regressions include a set of region dummies
and a quadratic time trend. Other household-level controls included but not shown in the
table are household size, whether household head is female, age of household head, whether
household head completed secondary education, whether household has cooperatives or BAAC
membership, share of rented land, and the size of land tenured used for agriculture. * p < 0.05,
** p < 0.01, *** p < 0.001
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Table B2: The Effects of Temperature Changes on Farm Revenue by Number of Agricultural Activities

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6) (7) (8) (9)

1 Activity 2/3 Activities All 1 Activity 2/3 Activities All 1 Activity 2/3 Activities All

Temperature 0.031∗∗∗ 0.013 0.018∗∗∗ 0.284∗ -0.016 0.358∗∗ -0.391∗∗ -0.810∗∗∗ -0.367∗∗

(0.006) (0.008) (0.005) (0.125) (0.180) (0.119) (0.141) (0.202) (0.129)

Temperature Squared -0.005∗ 0.000 -0.007∗∗ 0.009∗∗ 0.017∗∗∗ 0.008∗∗∗

(0.002) (0.004) (0.002) (0.003) (0.004) (0.003)

Precipitation 2.10× 10−4∗∗∗ −8.53× 10−4∗ 1.10× 10−4∗∗∗ −9.01× 10−4 −3.25× 10−4∗ −2.30× 10−4∗∗ −3.00× 10−4∗∗ −5.74× 10−4∗∗∗ −4.46× 10−4∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Precipitation Squared 1.25× 10−7∗∗ 1.13× 10−7 1.46× 10−7∗∗∗ 2.64× 10−7∗∗∗ 2.55× 10−7∗∗∗ 2.85× 10−7∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Number of Hot Days in a Year -0.013∗∗∗ -0.015∗∗∗ -0.013∗∗∗

(0.001) (0.001) (0.001)

Number of Wet Days in a Year -0.031∗∗∗ -0.017∗∗ -0.027∗∗∗

(0.004) (0.005) (0.003)

Engage in > 1 agricultural activity (0/1) -0.440∗ 5.324∗ 5.139∗

(0.174) (2.416) (2.440)

Engage in > 1 agricultural activity (0/1) × Temperature 0.018∗∗ -0.428∗ -0.417∗

(0.007) (0.186) (0.188)

Engage in > 1 agricultural activity (0/1) × Temperature Squared 0.009∗ 0.008∗

(0.004) (0.004)

Engage in growing rice (0/1) 0.173∗∗∗ 0.138∗∗∗ 0.159∗∗∗ 0.177∗∗∗ 0.139∗∗∗ 0.164∗∗∗ 0.172∗∗∗ 0.121∗∗∗ 0.154∗∗∗

(0.012) (0.016) (0.010) (0.012) (0.016) (0.010) (0.012) (0.016) (0.010)

Share of irrigated land 0.273∗∗∗ 0.290∗∗∗ 0.278∗∗∗ 0.276∗∗∗ 0.290∗∗∗ 0.281∗∗∗ 0.277∗∗∗ 0.291∗∗∗ 0.282∗∗∗

(0.013) (0.018) (0.011) (0.013) (0.018) (0.011) (0.013) (0.018) (0.011)

Cultivation Year 2014/2015 -0.176∗∗∗ -0.213∗∗∗ -0.190∗∗∗ -0.181∗∗∗ -0.218∗∗∗ -0.197∗∗∗ -0.250∗∗∗ -0.296∗∗∗ -0.270∗∗∗

(0.017) (0.021) (0.013) (0.017) (0.021) (0.013) (0.017) (0.022) (0.014)

Cultivation Year 2011/2012 0.145∗∗∗ 0.152∗∗∗ 0.152∗∗∗ 0.148∗∗∗ 0.156∗∗∗ 0.157∗∗∗ 0.124∗∗∗ 0.129∗∗∗ 0.132∗∗∗

(0.023) (0.023) (0.016) (0.023) (0.023) (0.016) (0.023) (0.023) (0.016)

Constant 9.925∗∗∗ 10.590∗∗∗ 10.294∗∗∗ 6.924∗∗∗ 11.124∗∗∗ 6.180∗∗∗ 14.907∗∗∗ 20.435∗∗∗ 14.749∗∗∗

(0.188) (0.336) (0.171) (1.595) (2.290) (1.525) (1.778) (2.548) (1.645)

Note: Unit of observations is household. All regressions include a set of region dummies and a quadratic time trend. Other household-level controls included but not shown in the table are household size, whether household head is female, age of
household head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and the size of land tenured used for agriculture. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table B3: The Effects of Temperature Changes on Farm Revenue by Types of Agricultural Activities

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Cutivation
Cultivation &

All Cutivation
Cultivation &

All Cutivation
Cultivation &

All
Livestock Livestock Livestock

Temperature 0.033∗∗∗ 0.005 0.025∗∗∗ 0.348∗∗ 0.079 0.385∗∗ -0.324∗ -0.688∗∗∗ -0.361∗∗

(0.006) (0.008) (0.005) (0.124) (0.179) (0.119) (0.141) (0.200) (0.131)

Temperature Squared -0.006∗∗ -0.002 -0.007∗∗ 0.008∗∗ 0.015∗∗∗ 0.008∗∗∗

(0.002) (0.004) (0.002) (0.003) (0.004) (0.003)

Precipitation 2.03× 10−4∗∗∗ −1.19× 10−4∗∗ 1.04× 10−4∗∗∗ −1.66× 10−4 −5.07× 10−4∗∗ −2.42× 10−4∗∗ −3.60× 10−4∗∗∗ −7.43× 10−4∗∗∗ −4.58× 10−4∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Precipitation Squared 1.53× 10−7∗∗∗ 1.80× 10−7∗ 1.48× 10−7∗∗∗ 2.83× 10−7∗∗∗ 3.15× 10−7∗∗∗ 2.87× 10−7∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Number of Hot Days in a Year -0.012∗∗∗ -0.014∗∗∗ -0.014∗∗∗

(0.001) (0.001) (0.001)

Number of Wet Days in a Year -0.030∗∗∗ -0.016∗∗ -0.027∗∗∗

(0.004) (0.005) (0.003)

Engage in cultivation & livestock (0/1) -0.334 5.259∗ 5.234∗

(0.180) (2.401) (2.420)

Engage in cultivation & livestock (0/1) × Temperature 0.011 -0.421∗ -0.424∗

(0.007) (0.185) (0.187)

Engage in cultivation & livestock (0/1) × Temperature Squared 0.008∗ 0.008∗

(0.004) (0.004)

Engage in growing rice (0/1) 0.133∗∗∗ 0.131∗∗∗ 0.140∗∗∗ 0.139∗∗∗ 0.134∗∗∗ 0.145∗∗∗ 0.132∗∗∗ 0.114∗∗∗ 0.133∗∗∗

(0.012) (0.017) (0.010) (0.012) (0.017) (0.010) (0.012) (0.017) (0.010)

Share of irrigated land 0.275∗∗∗ 0.265∗∗∗ 0.278∗∗∗ 0.279∗∗∗ 0.265∗∗∗ 0.281∗∗∗ 0.280∗∗∗ 0.266∗∗∗ 0.283∗∗∗

(0.013) (0.020) (0.010) (0.013) (0.020) (0.011) (0.013) (0.020) (0.011)

Cultivation Year 2014/2015 -0.191∗∗∗ -0.177∗∗∗ -0.193∗∗∗ -0.198∗∗∗ -0.186∗∗∗ -0.200∗∗∗ -0.265∗∗∗ -0.263∗∗∗ -0.275∗∗∗

(0.016) (0.022) (0.013) (0.016) (0.022) (0.013) (0.017) (0.023) (0.014)

Cultivation Year 2011/2012 0.185∗∗∗ 0.213∗∗∗ 0.172∗∗∗ 0.189∗∗∗ 0.217∗∗∗ 0.176∗∗∗ 0.167∗∗∗ 0.188∗∗∗ 0.151∗∗∗

(0.021) (0.025) (0.016) (0.021) (0.025) (0.016) (0.021) (0.025) (0.016)

Constant 9.852∗∗∗ 10.980∗∗∗ 10.128∗∗∗ 6.117∗∗∗ 10.325∗∗∗ 5.767∗∗∗ 14.066∗∗∗ 19.332∗∗∗ 14.577∗∗∗

(0.187) (0.304) (0.166) (1.583) (2.268) (1.525) (1.772) (2.509) (1.659)

No. of Observations 57205 34094 97828 57205 34094 97828 57205 34094 97828

R-squared 0.400 0.353 0.385 0.400 0.353 0.385 0.403 0.356 0.388

Adjusted R-squared 0.400 0.353 0.385 0.400 0.353 0.385 0.403 0.355 0.388

Note: Unit of observations is household. Dependent variable is agricultural revenue. All regressions include a set of region dummies and a quadratic time trend. Other household-level controls included but not shown in the table are household size,
whether household head is female, age of household head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and the size of land tenured used for agriculture. *
p < 0.05, ** p < 0.01, *** p < 0.001
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Table B4: The Effects of Temperature Changes on Farm Revenue by Number of Crop Grown

Model 1 Model 2 Model 3

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Monoculture Multiculture All Monoculture Multiculture All Monoculture Multiculture All

Temperature 0.064∗∗∗ 0.066∗∗∗ 0.084∗∗∗ 1.026∗∗∗ -0.164 -0.570∗∗∗ 0.703∗ -1.088∗∗∗ -1.264∗∗∗

(0.012) (0.006) (0.006) (0.256) (0.138) (0.133) (0.290) (0.156) (0.145)

Temperature Squared -0.019∗∗∗ 0.004 0.012∗∗∗ -0.012∗ 0.024∗∗∗ 0.027∗∗∗

(0.005) (0.003) (0.003) (0.006) (0.003) (0.003)

Precipitation 1.78× 10−4∗∗∗ 1.44× 10−4∗∗∗ 7.70× 10−4∗∗∗ −5.84× 10−4∗∗ −2.63× 10−4∗ −3.32× 10−4∗∗ −6.84× 10−4∗∗∗ −5.27× 10−4∗∗∗ −5.67× 10−4∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Precipitation Squared 3.08× 10−7∗∗∗ 1.83× 10−7∗∗∗ 1.79× 10−7∗∗∗ 4.01× 10−7∗∗∗ 3.42× 10−7∗∗∗ 3.29× 10−7∗∗∗

(<0.001) (<0.001) (<0.001) (<0.001) (<0.001) (<0.001)

Number of Hot Days in a Year -0.006∗∗∗ -0.017∗∗∗ -0.013∗∗∗

(0.002) (0.001) (0.001)

Number of Wet Days in a Year -0.035∗∗∗ -0.027∗∗∗ -0.031∗∗∗

(0.007) (0.005) (0.004)

Multictop (0/1) 1.536∗∗∗ -32.470∗∗∗ -30.531∗∗∗

(0.233) (3.305) (3.285)

Multictop (0/1)=1 × Temperature -0.079∗∗∗ 2.527∗∗∗ 2.382∗∗∗

(0.009) (0.250) (0.249)

Multictop (0/1)=1 × Temperature Squared -0.050∗∗∗ -0.047∗∗∗

(0.005) (0.005)

Engage in growing rice (0/1) -0.111∗∗∗ 0.040∗∗ 0.015 -0.098∗∗∗ 0.042∗∗ 0.019 -0.100∗∗∗ 0.030∗ 0.011

(0.023) (0.014) (0.012) (0.023) (0.014) (0.012) (0.023) (0.014) (0.012)

Share of irrigated land 0.012 0.283∗∗∗ 0.211∗∗∗ 0.024 0.279∗∗∗ 0.213∗∗∗ 0.028 0.278∗∗∗ 0.213∗∗∗

(0.024) (0.015) (0.013) (0.025) (0.015) (0.013) (0.025) (0.015) (0.013)

Cultivation Year 2011/2012 0.351∗∗∗ 0.145∗∗∗ 0.209∗∗∗ 0.357∗∗∗ 0.154∗∗∗ 0.215∗∗∗ 0.340∗∗∗ 0.129∗∗∗ 0.191∗∗∗

(0.041) (0.024) (0.021) (0.041) (0.024) (0.021) (0.041) (0.024) (0.021)

Cultivation Year 2014/2015 -0.062∗ -0.218∗∗∗ -0.184∗∗∗ -0.079∗∗ -0.220∗∗∗ -0.189∗∗∗ -0.119∗∗∗ -0.307∗∗∗ -0.261∗∗∗

(0.030) (0.019) (0.016) (0.030) (0.019) (0.016) (0.031) (0.020) (0.017)

Constant 8.320∗∗∗ 9.480∗∗∗ 8.826∗∗∗ -3.433 12.705∗∗∗ 17.620∗∗∗ 0.405 23.600∗∗∗ 25.790∗∗∗

(0.411) (0.199) (0.188) (3.304) (1.757) (1.695) (3.695) (1.960) (1.837)

No. of Observations 18688 38517 57205 18688 38517 57205 18688 38517 57205

R-squared 0.364 0.431 0.433 0.365 0.431 0.434 0.366 0.436 0.437

Adjusted R-squared 0.363 0.431 0.432 0.364 0.431 0.434 0.365 0.435 0.437

Note: Unit of observations is household. Dependent variable is agricultural revenue. All regressions include a set of region dummies and a quadratic time trend. Other household-level controls included but not shown in the
table are household size, whether household head is female, age of household head, whether household head completed secondary education, whether household has cooperatives or BAAC membership, share of rented land, and
the size of land tenured used for cultivation. * p < 0.05, ** p < 0.01, *** p < 0.001
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C Robustness Check on Trimmings

Figure C1: Point Elasticity of Agricultural Output Value with Respect to Annual Average Temperature
(Untrimmed Sample)

(a) Whole sample (Model 1) (b) Whole sample (Model 3)

(c) By number of agricultural activities (d) By types of agricultural activities
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Figure C2: Point Elasticity of Agricultural Output Value with Respect to Annual Average Temperature
(Trimming top 0.1%)

(a) Whole sample (Model 1) (b) Whole sample (Model 3)

(c) By number of agricultural activities (d) By types of agricultural activities

51



Figure C3: Point Elasticity of Agricultural Output Value with Respect to Annual Average Temperature
(Trimming top 0.1% of each component of output)

(a) Whole sample (Model 1) (b) Whole sample (Model 3)

(c) By number of agricultural activities (d) By types of agricultural activities
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D Simulation

Figure D1: Agricultural Output Value and Temperature Projection

(a) Agricultural Output Value Projection

(b) Temperature Projection

Note: The top panel plots the projected annual average household’s real agricultural output value by different climate
change scenario. We use household and plot characteristics in 2020 to calculate projected value. The bottom panel
plot the temperature prediction conducted in the latest Intergovernmental Panel of Climate Change (IPCC) Assess-
ment Report (AR6).
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Figure D2: Output Value Projection by Number of Agricultural Activities

Note: The figure plots the projected annual average household’s real agricultural output value by different climate
change scenario andby number of agricultural activities. We use household and plot characteristics in 2020 to calcu-
late projected value
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Figure D3: Output Value Projection by Type of Agricultural Activities

Note: The figure plots the projected annual average household’s real agricultural output value by different climate
change scenario and type of agricultural activities. We use household and plot characteristics in 2020 to calculate
projected value
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Table D1: IPCC projected temperatures (Degree Celcius)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2020 26.674898 26.674898 26.674898 26.674898 26.674898

2025 26.830809 26.803923 26.802599 26.796747 26.793255

2030 26.998098 26.942986 26.927902 26.906883 26.892929

2035 27.168802 27.084547 27.039072 26.995949 26.959492

2040 27.354109 27.236048 27.157293 27.068571 26.999058

2045 27.556684 27.395126 27.275707 27.125973 27.017546

2050 27.769602 27.555386 27.390734 27.169947 27.014872

Table D2: The Projection of Annual Average Households’ Agricultural Output
Value (THB 2019)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2020 38907.148 38907.148 38907.148 38907.148 38907.148

2025 37298 37575.98 37589.672 37650.09 37686.156

2030 35565.91 36136.605 36292.852 36510.445 36654.953

2035 33801.117 34671.395 35141.836 35588.234 35965.664

2040 31897.803 33108.484 33919.82 34836.648 35556.074

2045 29842.754 31479.074 32700.982 34243.285 35364.668

2050 27724.289 29855.791 31523.896 33789.32 35392.336
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Table D3: Projection : Output Value of Household Performing Only Cultivation
Activity (THB 2019)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2020 33072.93 33072.93 33072.93 33072.93 33072.93

2025 32825.316 32869.645 32871.777 32881.34 32887.047

2030 32534.914 32633.389 32659.854 32696.408 32720.428

2035 32212.838 32374.988 32459.912 32538.822 32604.18

2040 31834.814 32079.051 32235.395 32405.043 32533.176

2045 31389 31747.254 31998.266 32296.043 32499.498

2050 30885.447 31391.934 31756.672 32210.594 32504.396

Table D4: Projection : Output Value of Household Performing Only Cultivation and
Livestock Activities (THB 2019)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2020 35190.797 35190.797 35190.797 35190.797 35190.797

2025 34949.203 34991.809 34993.895 35003.141 35008.617

2030 34675.145 34767.098 34791.992 34826.449 34849.207

2035 34380.078 34527.66 34605.738 34678.75 34739.723

2040 34042.723 34259.68 34400.477 34555.18 34673.508

2045 33654.199 33965.688 34187.617 34455.539 34642.305

2050 33224.531 33656.785 33973.996 34378.063 34646.816
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Table D5: Projection : Output Value of Household Performing One Activity (THB
2019)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2020 31180.395 31180.395 31180.395 31180.395 31180.395

2025 30771.318 30843.445 30847.006 30862.543 30871.873

2030 30308.355 30463.533 30505.572 30563.783 30602.254

2035 29811.502 30059.734 30191.287 30314.396 30417.346

2040 29245.967 29609.369 29845.752 30106.125 30305.639

2045 28598.797 29117.311 29488.447 29938.373 30252.967

2050 27888.738 28603.025 29131.17 29808.092 30260.584

Table D6: Projection : Output Value of Household Performing Multiple Activities
(THB 2019)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2020 36624.113 36624.113 36624.113 36624.113 36624.113

2025 36404.711 36443.34 36445.266 36453.629 36458.582

2030 36156.871 36239.93 36262.438 36293.594 36314.176

2035 35890.965 36023.828 36094.223 36160.148 36215.191

2040 35587.824 35782.691 35909.297 36048.656 36155.422

2045 35239.66 35518.707 35717.898 35958.902 36127.246

2050 34855.441 35241.93 35526.16 35889.133 36131.328
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Table D7: Percentage Change in Output Value of Agricultural Households (Base
year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -4.135866 -3.421397 -3.386207 -3.230918 -3.138216
2030 -8.587725 -7.120911 -6.719329 -6.16006 -5.788643
2035 -13.12363 -10.88683 -9.677687 -8.530343 -7.56027
2040 -18.01557 -14.90385 -12.81854 -10.46209 -8.613004
2045 -23.2975 -19.09179 -15.95122 -11.98716 -9.104959
2050 -28.74243 -23.26399 -18.97659 -13.15395 -9.033849

Table D8: Percentage Change in Output Value of Small or Medium landholding
Households Performing single agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.7486887 -.6146572 -.6082084 -.579295 -.5620391
2030 -1.626755 -1.329005 -1.248986 -1.138458 -1.065832
2035 -2.600591 -2.11031 -1.853533 -1.614938 -1.417322
2040 -3.743591 -3.005113 -2.532389 -2.019436 -1.632011
2045 -5.091565 -4.008341 -3.249377 -2.349011 -1.73384
2050 -6.614118 -5.082695 -3.979865 -2.607377 -1.719029

Table D9: Percentage Change in Output Value of Households Performing cultivation
and livestock activities (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.6865253 -.5654554 -.5595279 -.5332538 -.5176913
2030 -1.465304 -1.204006 -1.133264 -1.035349 -.9706795
2035 -2.303781 -1.884404 -1.662533 -1.455059 -1.281796
2040 -3.262428 -2.645911 -2.245815 -1.806203 -1.469956
2045 -4.366476 -3.481334 -2.850688 -2.089347 -1.558624
2050 -5.587443 -4.359128 -3.457724 -2.309508 -1.545803
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Table D10: Percentage Change in Output Value of Households Performing single
agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.311966 -1.080643 -1.069227 -1.0194 -.9894703
2030 -2.79676 -2.299077 -2.164253 -1.977564 -1.85418
2035 -4.390233 -3.594118 -3.172206 -2.777379 -2.447203
2040 -6.203989 -5.038506 -4.280389 -3.445336 -2.805471
2045 -8.27955 -6.616608 -5.426315 -3.983341 -2.974392
2050 -10.55681 -8.265992 -6.572156 -4.40117 -2.949964

Table D11: Percentage Change in Output Value of Households Performing multiple
agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.5990546 -.4935916 -.4883212 -.4654981 -.4519683
2030 -1.275771 -1.048978 -.9875315 -.9024644 -.8462549
2035 -2.001808 -1.639031 -1.446827 -1.266826 -1.116526
2040 -2.82951 -2.297442 -1.951746 -1.571236 -1.279715
2045 -3.78016 -3.018231 -2.474363 -1.816312 -1.356658
2050 -4.82925 -3.773969 -2.997891 -2.006809 -1.34551

Table D12: Percentage Change in Output Value of Households without access to
irrigation Performing Only Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.6907351 -.5670635 -.5610881 -.534437 -.5185879
2030 -1.501046 -1.226182 -1.152494 -1.050542 -.9833284
2035 -2.400302 -1.947455 -1.710403 -1.490151 -1.307817
2040 -3.456385 -2.774038 -2.337266 -1.863626 -1.505931
2045 -4.702737 -3.700984 -2.999551 -2.167984 -1.600004
2050 -6.112071 -4.694558 -3.674623 -2.40644 -1.586302
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Table D13: Percentage Change in Output Value of Households without access to
irrigation Performing Livestock and Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.169745 -.9635922 -.9535773 -.9088925 -.8823349
2030 -2.49185 -2.048856 -1.928842 -1.762596 -1.652738
2035 -3.909503 -3.201288 -2.82586 -2.474457 -2.180855
2040 -5.522316 -4.486012 -3.81177 -3.06891 -2.499662
2045 -7.368414 -5.889393 -4.830796 -3.5474 -2.64999
2050 -9.395142 -7.356307 -5.849896 -3.919218 -2.628266

Table D14: Percentage Change in Output Value of Households with access to
irrigation Performing Only Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.065824 -.87515 -.8658869 -.8249379 -.8004404
2030 -2.312953 -1.890489 -1.776932 -1.619899 -1.516642
2035 -3.691799 -2.99826 -2.634394 -2.296375 -2.015877
2040 -5.304563 -4.263589 -3.595678 -2.869588 -2.320407
2045 -7.197048 -5.676988 -4.607905 -3.336066 -2.464879
2050 -9.322272 -7.18448 -5.636857 -3.701535 -2.443853

Table D15: Percentage Change in Output Value of Households with access to
irrigation Performing Livestock and Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 .1127597 .0929133 .0919411 .0876407 .0850785
2030 .2400768 .1974016 .1858595 .169844 .1592658
2035 .3767444 .3084312 .2722397 .2383796 .2101135
2040 .5328797 .4324694 .3673197 .2956699 .2408182
2045 .7128733 .5685439 .4658351 .3418052 .2552849
2050 .9125899 .711687 .564713 .3776836 .2531924
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Table D16: Percentage Change in Output Value of Households without access to
irrigation Performing single agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.315538 -1.083753 -1.072241 -1.022039 -.9922055
2030 -2.803798 -2.304852 -2.169942 -1.982605 -1.859046
2035 -4.399708 -3.602482 -3.179773 -2.784055 -2.453434
2040 -6.215613 -5.049006 -4.289694 -3.453252 -2.812419
2045 -8.292844 -6.628627 -5.437135 -3.992039 -2.981608
2050 -10.57097 -8.279202 -6.584179 -4.41056 -2.957179

Table D17: Percentage Change in Output Value of Households without access to
irrigation Performing multiple agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.006086 -.8288177 -.82021 -.7818981 -.7589011
2030 -2.143633 -1.762507 -1.659209 -1.516173 -1.421643
2035 -3.364091 -2.754383 -2.431203 -2.1287 -1.875894
2040 -4.753987 -3.860744 -3.279908 -2.640429 -2.150352
2045 -6.346907 -5.070466 -4.157805 -3.052363 -2.279696
2050 -8.099011 -6.336461 -5.036424 -3.372384 -2.261055

Table D18: Percentage Change in Output Value of Households with access to
irrigation Performing single agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.42785 -1.175877 -1.163621 -1.109128 -1.076491
2030 -3.048387 -2.504778 -2.357571 -2.153713 -2.019151
2035 -4.790767 -3.919956 -3.45869 -3.02703 -2.666611
2040 -6.776953 -5.500428 -4.670563 -3.757174 -3.058007
2045 -9.052065 -7.229172 -5.924932 -4.34545 -3.242365
2050 -11.54944 -9.037316 -7.180503 -4.80266 -3.215689
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Table D19: Percentage Change in Output Value of Households with access to
irrigation Performing multiple agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.0002496 -.0006157 -.000624 -.0006822 -.0007072
2030 .0059155 .0031533 .002521 .0017306 .001273
2035 .0190528 .0117062 .0084365 .005799 .0039021
2040 .0411507 .0261331 .0179463 .0104998 .0059654
2045 .0746554 .0471495 .0308007 .0151091 .0070554
2050 .1203821 .0743975 .0464922 .019161 .0069056

Table D20: Percentage Change in Output Value of Agricultural Households without
access to irrigation Performing multicrop (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.7069263 -.581471 -.5754089 -.5482864 -.5321533
2030 -1.520214 -1.24606 -1.172192 -1.069785 -1.0024
2035 -2.406906 -1.962226 -1.727826 -1.509408 -1.32759
2040 -3.432441 -2.771623 -2.34528 -1.879442 -1.525001
2045 -4.626007 -3.668094 -2.990668 -2.179174 -1.618396
2050 -5.958751 -4.618086 -3.642744 -2.412957 -1.604791

Table D21: Percentage Change in Output Value of Agricultural Households without
access to irrigation Performing monocrop (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 .2480672 .2142345 .2123231 .2044873 .1995151
2030 .3781763 .3509906 .3408493 .324777 .3129083
2035 .3647772 .3898546 .3885146 .3772174 .3607575
2040 .1834625 .3190364 .3701369 .3902355 .3783668
2045 -.2122574 .1200401 .2809606 .3820056 .3839169
2050 -.8480182 -.2092098 .1271075 .3640088 .383155
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Table D22: Percentage Change in Output Value of Agricultural Households with
access to irrigation Performing multicrop (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.1010406 -.0816524 -.0806956 -.0765962 -.0741695
2030 -.2400404 -.1907461 -.1777952 -.1603268 -.148903
2035 -.4144142 -.3242462 -.2788929 -.2379938 -.2051162
2040 -.640718 -.4920242 -.4015964 -.3079942 -.2409401
2045 -.9318078 -.6959428 -.5402223 -.3675402 -.2582057
2050 -1.286644 -.9297739 -.68993 -.4157004 -.2556397

Table D23: Percentage Change in Output Value of Agricultural Households with
access to irrigation Performing monocrop (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.690906 -1.38987 -1.375193 -1.309901 -1.271303
2030 -3.650282 -2.988644 -2.810663 -2.563987 -2.401428
2035 -5.793493 -4.718285 -4.151957 -3.624178 -3.185134
2040 -8.271947 -6.67572 -5.644778 -4.518163 -3.66204
2045 -11.14345 -8.840183 -7.205019 -5.242958 -3.887424
2050 -14.32178 -11.12447 -8.779137 -5.808413 -3.8546

Table D24: Percentage Change in Output Value of Large Landholding Households
Performing Only Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.4700104 -.3788457 -.3742829 -.3552769 -.3436882
2030 -1.131661 -.8960437 -.8343987 -.7509503 -.6969861
2035 -1.971954 -1.53646 -1.318368 -1.122422 -.9650134
2040 -3.067062 -2.34761 -1.910231 -1.45887 -1.136188
2045 -4.474809 -3.334591 -2.580893 -1.745455 -1.219316
2050 -6.180814 -4.464971 -3.305456 -1.977933 -1.207066
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Table D25: Percentage Change in Output Value of Large Landholding Households
Performing Livestock and Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.5937063 -.4869006 -.4816808 -.4586217 -.4448523
2030 -1.301048 -1.060078 -.9954203 -.9064338 -.8480161
2035 -2.095936 -1.694372 -1.485081 -1.291358 -1.131385
2040 -3.040159 -2.428783 -2.039989 -1.620375 -1.305288
2045 -4.166484 -3.26035 -2.630315 -1.889655 -1.387895
2050 -5.452192 -4.158994 -3.236551 -2.101436 -1.375855

Table D26: Percentage Change in Output Value of Small or Medium landholding
Households Performing Only Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.147691 -.9464955 -.9365742 -.8930086 -.8669244
2030 -2.430451 -2.00214 -1.885811 -1.724643 -1.618026
2035 -3.791583 -3.113266 -2.75234 -2.41361 -2.129812
2040 -5.325786 -4.341616 -3.698136 -2.986138 -2.4379
2045 -7.066062 -5.672843 -4.66965 -3.445338 -2.582934
2050 -8.961549 -7.054711 -5.635504 -3.800849 -2.561937

Table D27: Percentage Change in Output Value of Small or Medium landholding
Households Performing Livestock and Cultivation Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.110639 -.9169273 -.9074306 -.865466 -.8403572
2030 -2.335315 -1.928242 -1.817438 -1.663434 -1.561532
2035 -3.618393 -2.981014 -2.640292 -2.31939 -2.049748
2040 -5.047424 -4.132761 -3.530844 -2.860982 -2.342398
2045 -6.650265 -5.368669 -4.438409 -3.293425 -2.479859
2050 -8.377205 -6.639808 -5.334227 -3.627123 -2.45995
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Table D28: Percentage Change in Output Value of Large Landholding Households
Performing single agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.7766952 -.6325698 -.6257434 -.5948445 -.5768262
2030 -1.764192 -1.421272 -1.330408 -1.20612 -1.124875
2035 -2.93071 -2.335129 -2.029524 -1.75051 -1.522188
2040 -4.372541 -3.433182 -2.84717 -2.226651 -1.770188
2045 -6.146986 -4.715554 -3.740837 -2.62325 -1.888711
2050 -8.222592 -6.135174 -4.678471 -2.939037 -1.871681

Table D29: Percentage Change in Output Value of of Large Landholding Households
Performing multiple agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.5625108 -.4611861 -.4562488 -.4344075 -.421499
2030 -1.231373 -1.00363 -.9424389 -.8582264 -.8029042
2035 -1.982425 -1.603023 -1.405291 -1.222331 -1.071018
2040 -2.874043 -2.296938 -1.929691 -1.533087 -1.235329
2045 -3.93718 -3.082046 -2.487294 -1.787618 -1.313474
2050 -5.150469 -3.930031 -3.05958 -1.987749 -1.302092

Table D30: Percentage Change in Output Value of Small or Medium landholding
Households Performing single agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.717521 -1.418073 -1.403218 -1.33841 -1.299544
2030 -3.608642 -2.980407 -2.809177 -2.571417 -2.413984
2035 -5.585996 -4.604353 -4.079073 -3.584005 -3.168051
2040 -7.781453 -6.376999 -5.451293 -4.419496 -3.619582
2045 -10.23285 -8.273602 -6.846535 -5.085678 -3.831485
2050 -12.85968 -10.2171 -8.22084 -5.599415 -3.800942
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Table D31: Percentage Change in Output Value of Small or Medium landholding
Households Performing multiple agricultural Activity (Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.9178176 -.7579495 -.7500994 -.7154471 -.6947556
2030 -1.926788 -1.591655 -1.500396 -1.373592 -1.289608
2035 -2.981143 -2.457622 -2.177591 -1.913644 -1.691792
2040 -4.152773 -3.403059 -2.909229 -2.359058 -1.932627
2045 -5.464456 -4.415849 -3.653725 -2.714263 -2.045591
2050 -6.875892 -5.455978 -4.387632 -2.988267 -2.029286

Table D32: Percentage Change in Output Value of small landholding Households
(Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.480704 -1.22359 -1.210971 -1.155129 -1.121757
2030 -3.096863 -2.561471 -2.415423 -2.212333 -2.077716
2035 -4.772783 -3.942349 -3.496747 -3.075931 -2.721491
2040 -6.62007 -5.439971 -4.659009 -3.785571 -3.106198
2045 -8.669189 -7.032591 -5.835123 -4.349912 -3.286497
2050 -10.85222 -8.655947 -6.988299 -4.784083 -3.26044

Table D33: Percentage Change in Output Value of medium landholding Households
(Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -1.089978 -.8983965 -.8889416 -.8474398 -.8226615
2030 -2.317425 -1.906579 -1.795287 -1.640912 -1.538893
2035 -3.628673 -2.974291 -2.626867 -2.301124 -2.028955
2040 -5.116446 -4.16109 -3.538477 -2.851617 -2.324694
2045 -6.815075 -5.454444 -4.479181 -3.29429 -2.463756
2050 -8.676067 -6.803875 -5.418283 -3.637686 -2.443666
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Table D34: Percentage Change in Output Value of large landholding Households
(Base year 2020)

Year SSP5-8.5 SSP3-7.0 SSP2-4.5 SSP1-2.6 SSP1-1.9

2025 -.8005306 -.6528421 -.6456409 -.6141791 -.5954057
2030 -1.806712 -1.458673 -1.366159 -1.239282 -1.156361
2035 -2.986044 -2.385036 -2.076035 -1.792662 -1.561059
2040 -4.434715 -3.491918 -2.902 -2.275125 -1.813077
2045 -6.208186 -4.777684 -3.801035 -2.676164 -1.933423
2050 -8.273685 -6.196023 -4.740994 -2.994556 -1.916025
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