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Abstract

Developing countries are expected to be the most vulnerable to future climate change

due to their reliance on agriculture, their geographic location as well as their lack of

resources for mitigation and adaptation. It is crucial to (1) measure the economic

impacts of climate change on the developing world, (2) understand which regions will

be affected the most to be able to efficiently allocate the scarce resources available

for adaptation (3) study which measures towards mitigation and adaptation improve

development in these regions. In these two essays, I address these issues using (1)

macroeconomic data and a cointegration model to quantify the effects of renewable

energy on GDP in 15 developing countries and (2) microeconomic data and a fixed-

effects panel model to measure the impacts of climate change on agriculture in Chile.

In the first essay, I find that switching from fossil fuels to renewable energy has a

positive effect on GDP in developing countries both in the long and the short-run.

These results show that using renewable energy will not only help mitigate the effects

of climate change by reducing the amount of CO2 in the atmosphere, but also allow

them to get out of poverty. In the second essay, I find that high temperatures are

extremely harmful for corn and potato production in Chile. I find that one more day

of temperatures above the upper threshold of 29◦C reduces corn and potato yields by

almost 20% and that these reductions in yields are strongest for the poorest regions of

the country. These results give evidence that future climate change will have significant

negative impacts on agriculture in Chile and could also increase inequality and poverty.
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1 Does Renewable Energy Decrease GDP in Develop-

ing Countries?

1.1 Introduction

Climate change has been called the most urgent environmental problem of the century. In

the best-case scenario, it is expected that by 2040, average global temperatures will rise by

1.3◦C. This will have dramatic environmental as well as societal consequences. Underdevel-

oped and developing countries will experience stronger negative impacts related to climate

change. This is partly because they have fewer resources to adapt to it than developed coun-

tries (Campbell (2006)). It has been shown that if no actions are taken, the losses associated

with climate change could amount to 5% of global GDP per year (Stern 2006).

Another reason to study developing countries is captured by the UN Millenium Devel-

opment Goals (MDGs) which consist of 7 major goals. One of these goals is environmental

sustainability. Over 1 billion people in the world still lack access to electricity while over

2 billion people lack access to clean cooking methods. In addition, developing countries

have fast growing populations with growing energy demands. It is expected that by 2030,

if energy policies remain the same, CO2 emissions will go up by over half (Kaygusuz 2011).

This means that if fossil fuels are used to reduce poverty in developing countries, it will be

at the cost of enviromental sustainability. However, if renewable energy can also increase

development in poor countries, then it is possible to meet both the goal of sustainability

and the goal of reducing poverty. In this paper, I look at whether renewable energy can

contribute to economic growth in developing countries. I study the long-run relationship

between real GDP and renewable energy consumption in a panel of 15 developing countries.

Using cointegration techniques, I find that renewable energy consumption has a positive

impact on real GDP in the long-run in this set of developing countries.

Research has looked at how renewable energy consumption affects the aggregate econ-

omy of countries. Most of this research however has focused on developed countries and the

results are mixed. On one hand, Menegaki (2011) finds no long-run causal relationship in

European countries. On the other hand, Marques and Fuinhas (2012) find that renewable

energy has a negative impact on growth for a panel of 24 European countries. When looking

at G7 countries from 1980 to 2009, Tugcu, Ozturk, and Aslan (2012) find a positive long-run
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relationship between renewable energy and economic growth using a classical production

function model.

A few papers have looked at the relationship between energy consumption and GDP

in developing countries. Sadorsky (2009) found a unidirectional relationship running from

GDP to renewable energy. Al-mulali et al. (2013) look at total primary energy consumption

in emerging economies and find evidence for the feedback hypothesis.

The use of panel and cointegration techniques to describe the relationship between real

GDP and renewable energy has been more common in the past few years. Garces and Daim

(2012) find that renewable energy has a positive impact on GDP in the United States using a

cointegration model. Apergis and Payne (2009) use the same methodology for a panel of 25

developed countries and find that a 1% increase in renewable energy consumption increases

real GDP by 0.76% in the long-run and find a bidirectional relationship in the short-run.

This paper is organized as follows. Section 2 describes the data, section 3 describes the

methodology and results, and section 4 concludes the paper.

1.2 Data

My panel consists of real GDP (Y), real gross fixed capital formation (K), labor force (L),

total renewable energy consumption (RE) and total non-renewable consumption (NR) from

1990 to 2011 for 15 developing countries: Argentina, Bolivia, Brazil, Bulgaria, Chile, Costa

Rica, Egypt, Guatemala, India, Indonesia, Mexico, Romania, South Africa, Turkey and

Venezuela. I collected the data on real GDP and real gross capital formation from the World

Bank. They are measured in constant US dollars. The data on labor also comes from the

World Bank and is measured in millions. Renewable and non-renewable energy consumption

data is from the EIA and are measured in Quadrillion Btu. The EIA defines renewables

as hydroelectric, geothermal, solar, tide, wave, fuel cell electric and wind power. Non-

renewables consist of petroleum, coal and natural gas. All variables are in logs. The countries

with the largest shares of renewable energy consumption to total energy consumption are

Brazil, Costa Rica, Chile, Guatemala, Venezuela and Vietnam where it can reach up to

50%. These large shares also motivate my choice of looking at developing countries instead

of developed countries.
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1.3 Methodology and results

Firstly I perform unit root tests to check for stationarity. If the data is non-stationary, the

only way for a long-run relationship to exist between the variables is if they are cointegrated.

I use two types of unit root tests for panels, the test from Levin, Lin, and James Chu (2002)

and the test from Im, Pesaran, and Shin (2003). I include a trend and individual specific

intercepts. The results in table 1 show that all of my series have a unit root thus I can test

for cointegration between my variables.

I(1) variables are said to be cointegrated if there exists some linear combination of those

variables that is stationary. If variables are cointegrated, there exists a long-run relationship

between them meaning they have the same long-run trend. If there is cointegration between

the variables, estimation using first-differences is biased due to omitted variable bias. This

is because we are getting rid of the information contained in the cointegrating relationship.

I follow Pedroni (1999) and run his cointegration test for heterogeneous panels.

Yit = αi + δit+ γ1iKit + γ2iLit + γ3iREit + γ4iNRit + εit, (1)

where Y = GDP, K = capital, L = labor, RE = renewable energy consumption, NR =

non-renewable energy consumption.

Allowing for heterogeneity implies that αi (intercept) and δit (deterministic time trends)

are specific to the individual members of the panel.

If the variables cointegrate, the deviations from the long-run relationship εt are stationary.

Thus the Pedroni cointegration test is a unit root test on the residuals:

εit = ρiεit−1 + wit. (2)

Under the null hypothesis, there is no cointegration and ρi = 1 for all members of the

panel.

The Pedroni cointegration test consists of two types of tests. The panel tests are based

on the within approach and they pool the AR coefficients across countries. Under the alter-
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native, ρi = ρ < 1 for all countries and there exists a single cointegrating vector which is the

same for all members. The group tests are based on the between dimension of the panel.

Under the alternative, ρi < 1 for all i thus for all countries there exists a single cointegrat-

ing vector which doesn’t have to be the same. These tests allow for another dimension of

heterogeneity across members of the panel.

Results are in table 3. 5 out of the 7 statistics reject the null of no cointegration at the

5% significance level. This gives evidence for cointegration between the variables. I use panel

fully modified OLS (FMOLS) to estimate the slope coefficients of the cointegrating relation-

ship. FMOLS modifies OLS to control for endogeneity and for serial correlation. FMOLS

uses a weighing of the differences in the regressors as an instrument for the bias coming from

the cointegrating relationship. Pedroni (2000) shows that the group panel FMOLS gives

consistent estimates in samples as small as 60 observations and it also does not require an

error correction term while the pooled statistics do. Using this technique, it is not necessary

to assume regressor exogeneity or panel homogeneity, two assumptions I cannot make with

the panel at hand.

Results of the FMOLS regression are in table 4. I find that without time dummies, the

group mean slope estimate for renewable energy consumption is 0.03 which means that a 1%

increase in renewable energy consumption leads to a 0.03% increase in real GDP in the long-

run. When time dummies are included to account for the possibility of a common stochastic

trend, the effect goes down but still remains positive and significant. Non-renewable energy

consumption also has a positive and larger effect than renewable energy on real GDP in the

long-run. A 1% increase in non-renewable energy consumption leads to a 0.12% increase in

real GDP. The effect of capital on real GDP is also positive in the long-run. Surprisingly,

labor has a small negative effect on real GDP in the long-run. This is due to the fact that

labor and non-renewable energy consumption are highly correlated, thus some of the effect

of labor on GDP is captured by non-renewable energy.

To make sure these results are robust, I substitute renewable energy consumption with

renewable energy generation (source: EIA). When I do so my results only change slightly.

In the long-run, I find that a 1% increase in renewable electricity generation leads to a

0.04% increase in real GDP. Thus renewable energy consumption can be seen as a proxy for

renewable energy supply.
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I also run these tests without non-renewable energy and the results are in table 5. I find

that the long-run effect of renewable energy consumption on GDP doubles. This suggests

that non-renewable energy consumption is an omitted variable. Thus, when Apergis and

Payne (2010) find that a 1% increase in renewable energy consumption increases real GDP

by 0.76% in developed countries this large estimate might capture the effect of non-renewable

energy consumption on GDP. Their results suffer from omitted variable bias and might be

too high. Because they omitted non-renewable energy consumption in their paper, I cannot

confidently compare my results to theirs. But I find that in the long-run, renewable energy

consumption has a small positive effect on real GDP for developing countries and policy

makers should promote renewable energy as a way to meet the UN Millenium Development

Goals of ending poverty and increasing environmental sustainability.

Because policy makers care about the short-run impacts as well as the long-run, I run

panel Granger causality tests to look at the short-run dynamics between renewable energy

consumption and real GDP. This is especially important since I am looking at developing

countries where financial and physical resources might be scarce. If renewable energy has a

negative impact on their economies in the short-run then it is hard to make the argument

that these countries should switch to producing more electricity from renewable sources.

However, if I find a positive short-run relationship, then policy makers can expect to see

economic benefits right away.

To test for Granger causality, variables must be stationary for the Wald statistics to be

distributed χ2 under the null of no Granger causality. I thus take first differences since I

found above that my variables are I(1).

The results in table 6 indicate that all variables Granger cause each other in the short-

run at the 10% significance level. There is a positive bidirectional relationship between

renewable energy consumption and real GDP in the short-run. The results can not be

interpreted as causality per se but they give me information about the predictive ability

of renewable energy in forecasting real GDP. Also, if Granger causality is not found, there

won’t be any real causality between the variables. These results support the idea that the

feedback hypothesis doesn’t hold only for non-renewables but also for renewables.
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1.4 Conclusion

For this sample of 15 developing countries I find that renewable energy consumption has a

positive effect on real GDP in the long-run. A 1% increase in renewable energy consumption

increases real GDP by 0.03%. I also find evidence for the feedback hypothesis regarding

renewable and non-renewable energy. Thus implementing policies that promote renewable

energy consumption in these countries will not hurt the economy but improve it and even

more so if we take into account the long-term costs of not fighting climate change mentioned

in the introduction. Also, since the negative consequences of climate change are expected

to be larger in underdeveloped and developing countries, I recommend that they adapt and

change their policies in a greater scale than developed countries. This paper extends Apergis

and Payne (2009) research by showing that the bidirectional relationship they found for de-

veloped countries also exists for developing countries. However, I modify their methodology

by including non-renewable energy in the cointegrating vector to control for possible omitted

variable bias and still find a positive though smaller relationship between renewable energy

consumption and real GDP.
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2 Climate Change and Agriculture in Chile

2.1 Introduction

Climate change has been called the most urgent crisis of the century. Global average tem-

peratures are slowly rising over time while precipitation patterns are changing. Scientists

predict that the occurence of “extremely hot days” will increase while the occurence of “ex-

tremely cold days” will decrease.1 These changes are predicted to have economic effects for

all countries, and many of these repercussions will happen through agriculture because it

depends on weather as an input to production. But how much will agriculture be affected?

It is known that individual crops start growing once a certain temperature is reached and

stop growing once a certain upper threshold is reached. However, these lower and upper

thresholds vary across crops and can vary across regions. Higher temperatures may increase

yields in some places, but could drive agricultural yields to zero for certain crops in some

regions of the world.

In this paper, I estimate the effects of temperature on agricultural yields for the country

of Chile. Using a 30-year panel with region, year, and crop fixed-effects, I find that while

warmer days are beneficial for crops, “very hot” days are harmful for all crops, especially for

potatoes and corn. I find that one more day per year of temperatures above 29◦C reduces

potato and corn yields by around 20% compared to their average yield. This could lead to

a loss in profits for potato farmers of $1,906 per hectare and for corn farmers of $361 per

hectare for only one additional “very hot” day, based on current prices. Annual losses for

the country as a whole of one more day above 29◦C could amount to over $90 million for

potato production and $51 million for corn production (a 17% and 21% fall in total profits

respectively). These results provide evidence that climate change could have large negative

consequences for agriculture in Chile, and in particular for those regions which rely on corn

or potato production as their main economic activity. If the large negative effects on pota-

toes in Chile are also found for other countries, climate change could drastically impact food

supply and poverty across the world. This is because potatoes are the third most important

food crop in the world and feed more than a billion people. Populations in African countries

such as Malawi and Rwanda consume some of the highest amounts of potatoes per capita in

the world (107 kgs and 125 kgs per year respectively), relying on the crop as one of their main

1Environmental Protection Agency (EPA) 2016. The EPA defines ”extremely hot/cold days” as days
with a daily minimum/maximum temperature warmer/colder than 99 percent of the days in that year.
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sources of calories.2 These countries are already suffering from food insecurity, and climate

change, by reducing potato yields, could lead to more people being inflicted by malnutrition.

I choose to look at Chile because developing and poor countries are the most vulnerable

to climate change.3 Their vulnerability to changes in weather patterns is partly due to the

fact that they often rely on agriculture as one of their main sources of income. In Chile,

agriculture still employs 13% of its workers and, in the poorest regions of Chile such as

Maule and Araucańıa, agriculture is the main economic activity (employing 25% and 19%

of workers respectively). Developing countries are also more susceptible to negative impacts

from climate change because of their location; many are located in regions of the world where

the changes in climate will be the most extreme.4 Chile is particularly interesting due to its

elongated shape which leads to different regions having different climates as well as growing

different crops. Due to this variety in climates across regions, I find different impacts of hot

temperatures in different regions. When looking at regional variation, I find that the poorest

region of Chile, the region of Araucańıa, will be affected the most by rising temperatures.

I also find that regions that are colder on average tend to be more sensitive to heat and

have lower upper thresholds. These findings show that it is important to look at regional

variation when quantifying the effects of climate change on crop production because some

regions might be affected differently than others. Understanding which regions are the most

vulnerable allows policy makers to efficiently allocate resources for future adaptation and

mitigation across regions.

Quantifying the impacts of future climate change on agriculture in developing countries is

crucial because farmers in developing countries might not have access to the technologies and

financial means necessary for long-term adaptation (Bertola and Caballero (1994); Hornbeck

(2012); Burke and Emerick (2016)). The United Nations Framework Convention on Climate

Change explains that it is imperative that we understand just how vulnerable developing

countries are to climate change as well as find ways to reduce their level of vulnerability.

Measuring this vulnerability is necessary for policy makers to decide which adaptation mea-

sures to put in place and for developing countries to participate in global climate change

agreements (Bezabih, Di Falco, and Mekonnen 2014).

2Food and Agriculture Organization of the United Nations (FAO)
3United Nations Framework Convention on Climate Change (UNFCCC) 2008
4United Nations Framework Convention on Climate Change (UNFCCC) 2008
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The OECD predicts that the mean temperature in Chile will increase by at least 2◦C and

up to 4◦C and this warming will be greater in the summer growing months.5 Figure 1 depicts

the predicted increase in temperature for South America and shows that (1) temperatures

have already increased and (2) will continue to do so at a faster rate. The Central Valley,

the region where most of Chile’s agriculture occurs, will experience the highest rise in tem-

perature in the country. Precipitation levels are predicted to decrease by 20% to 25% in the

central region. Chile will also become highly vulnerable to droughts and related decreases

in soil quality. As seen on Figure 2, Chile will experience a strong increase in consecutive

dry days which will lead to a reduction in soil quality that could impact agriculture as well.

More extreme droughts will also lead to less water available to farmers. Figure 3 shows

that the occurence of “cold days” and “cold nights” in Chile is predicted to decrease while

the occurence of “warm days” and “warm nights” will increase in the next century. Warm

days will also become more frequent in the Central and Southern region of Chile where most

agriculture takes place. All of these predictions give evidence that climate change could

have very desruptive effects on agricultural crops in Chile thus it is important to measure

the magnitude of these effects.

Research on the effects of climate change on agriculture has mainly focused on two ap-

proaches, the production function approach and the Ricardian approach. The production

function approach uses crop simulations to look at how plants react to changes in different

variables such as temperature and precipitation. Results of the experiments can then be used

to extrapolate to different regions or be incorporated into a model. For example, Rosenzweig

and Parry (1994), using crop simulation models, find that crops in developing countries are

highly vulnerable to rising temperatures. The main advantage of this approach is that the

scientist can control the plants’ environment. However, as Mendelsohn, Nordhaus, and Shaw

(1994) explain, even though the production approach can provide some insight on how cli-

mate variables impact crop growth, the exclusion of possible adaptation by farmers causes

the results to be overstated. To lessen this bias, Mendelsohn, Nordhaus, and Shaw (1994)

create a model that incorporates possible adjustments made by the farmer, the Ricardian

approach. This approach uses cross-sectional regressions with land prices on the left-hand

side and climate variables such as temperature and precipitation on the right-hand side to

look at how changes in climate influence agricultural profits. This approach has benefits as it

5OECD 2013, “Policies to Navigate Uncharted Waters”
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accounts for all farmers’ behavior to adapt to climate change such as switching crops, using

more fertilizers, and leaving agriculture. However, it can suffer from omitted variable bias as

it might not account for certain unobservable factors such as farmers’ and soil quality that

could be correlated with climate and affect agricultural yields.

Recently, there has been a shift in the climate change literature from using Ricardian

models to using panel models to address the issue of omitted variable bias in the Ricardian

method. Deschenes and Greenstone (2006) use random year-to-year fluctuations in temper-

ature and precipitation to look at the effects of climate change on agricultural profits in

the United States. Schlenker and Roberts (2008) also study the United-States. They focus

on corn, soybeans and cotton and find that, for each of those three crops, yields rise slowly

until temperature hits a particular threshold, usually between 29◦C and 32◦C, and then drop

sharply. The main advantage of this type of model over the Ricardian approach is that, by

using fixed-effects, one can control for unobservables such as soil and farmer quality that

could potentially create a bias. The main advantage of a panel model over the production

function approach is that the data is taken from real agricultural fields and not from a

laboratory experiment; allowing for farmers’ adjustments to changes in climate throughout

the year. One limitation to using a panel model is that it does not incorportate plausible

long-term adaptation by farmers which could lead to the impacts of climate change to be

overstated if found to be negative.

Although most of the research regarding climate change and agriculture has focused on

developed countries like the United States, some have also studied developing and poor coun-

tries. For example, Guiteras (2009) looks at the impacts of climate change on rice yields in

India and finds that projected climate change will lead to a reduction in yields of 4.5% to

9% in the short-run and of up to 25% in the long-run. These results rely on the assumption

that there will be no long-term adaptation by Indian farmers. Guiteras makes the case that

farmers in a developing country might not be able to adapt as easily as farmers in a devel-

oped country due to credit constraints and lack of technology. Schlenker and Lobell (2010)

use a country-level panel for African countries and find that climate change will have large

negative consequences for crops such as corn, sorghum, millet, groundnut and cassava, with

the largest losses found for corn. Bezabih, Di Falco, and Mekonnen (2014) look at agricul-

ture in Ethiopia and find that the effects of temperatures are largely non-linear and that

both cold temperatures and hot temperatures have negative impacts on cereal revenue. The
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large negative results found for both India and African countries are alarming because these

countries rely heavily on agriculture economically and still endure high levels of poverty and

malnutrition. Ligon and Sadoulet (2011) find that an increase in agricultural GDP growth

by one percentage point results in an increase of four to six percentage point in consumption

by the three poorest deciles in developing countries. Thus, climate change will not only be

catastrophic for these countries’ economies but will also impact the poorest regions the most

through reducing their access to food and other necessities.

My paper adds to this line of research by looking at the effects of changes in temperature

on agricultural crop yields in Chile using a panel model. It is the first paper to analyze the

effects of climate change on potato production, the third most important food crop in the

world, using a panel model. I follow Deschenes and Greenstone (2006) and Schlenker and

Roberts (2008) methodology by regressing agricultural yields on temperature using region

and year fixed-effects. I also add crop fixed-effects which other papers did not include. I use

this type of model because it allows me to use data from the real world as well as controls

for unobservables that might be correlated with agricultural yields such as farmers and soil

quality. My paper is one of the first economic papers to use a new dataset from the National

Center for the Atmospheric Research that contains global daily temperature variation for

0.5 x 0.5 grids. To look at the effects of changes in climate on agricultural yields in Chile, I

regress annual yields on 26 1◦C temperature bins for 8 regions and 8 crops. I find that rising

temperatures are harmful for agricultural crops, especially for corn and potatoes. I also find

that the poorest regions of Chile will be impacted the most by climate change. These results

give me evidence that climate change will be devastating for potato and corn farmers, and

could increase poverty and inequality in Chile.

2.2 Data

In order to examine the relationship between temperature and yields, the temperature data

should be measured daily, not as a monthly or yearly average. This is because two pairs of

consecutive days, one with temperatures of 40◦C and 20◦C and the other with temperatures of

29◦C and 31◦C, would have the same average but have very different impacts on agricultural

yields. De Salvo, Raffaelli, and Moser (2013) show that temperatures need to be measured

in high frequency, not as a monthly or yearly average, to be able to fully capture the effects
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of a changing climate. Monthly averages fail to incorporate daily extreme temperatures that

could impact agriculture (Schlenker and Roberts 2008). To measure daily temperature, I

use a newly revised dataset that has, to my knowledge, never been used in the economics

literature. It is a 0.5◦ x 0.5◦ global gridded dataset from the National Center for Atmo-

spheric Research (NCAR), Computational and Information Systems Laboratory containing

surface air temperature. This dataset is a product of the NCAR and the National Center for

Environment Prediction and was revised using the Modern-Era Retrospective Analysis for

Research and Applications, the ECMWF Re-Analysis and the Climate Research Unit Time

Series (Wang and Zeng 2014). These adjustments included the spatial downscaling to 0.5◦

grid cells, allowing for more data points than before (the basic NCEP/NCAR dataset was a

1◦ x 1◦ grid).

I use data on agricultural yields as a proxy for agricultural profits. The data on yields

comes from Chile’s Ministry of Agriculture and is the only publicly available dataset on yields

over time in Chile. This dataset runs from 1979 to 2014. Yields are measured as annual total

output per hectare for the growing months of November through February and are reported

at the regional level. Chile is divided into 15 regions which are the first level of administrative

division. These regions are further divided into 54 provinces. This dataset covers 8 out of 15

regions in Chile (Coquimbo, Valparáıso, O’Higgins, Maule, B́ıo B́ıo, Araucańıa, Los Lagos

and Metropolitana de Santiago), the regions where most agriculture occurs. In the other 7

regions, agriculture is rare due to hot, desert like climate in the North and cold, wet climate

in the South. The crops included in this dataset are wheat, barley, corn, rice, kidney beans,

lentils, garbanzo, potato, marigold apple, and tabacco. I drop tobacco, rice and lentils due

to too much missing data (over half of the data is missing). Figure 4 shows the location

of the 8 regions used in this paper as well as the main crops they grow. Unfortunately,

agricultural yields in Chile are only measured at the regional level and not the municipality

level. Another shortcoming of this dataset is that it does not include grapes, which are the

largest crop in Chile. The only data publicly available for grapes is the number of hectares

planted every year. I use this dataset later in the paper to measure farmers’ adaptation to

climate change.

I do not include precipitation in my analysis as there is no reliable data on daily or

monthly precipitation over time in Chile that goes back further than 1997. Consistent grid-

ded data on rainfall is not available for Chile because precipitation has far greater spatial
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variation than temperature. This means that it can be challenging to interpolate precipita-

tion data in developing countries due to a lack of consistent weather station data (Dell, Jones,

and Olken 2013). However, water stress has increased in Chile in the past few years and

scientists predict that Chile will experience lower precipitation levels in the future which

they expect will lead to the degradation of agricultural land, especially in desert regions

where access to water is already lacking.6 Even though I do not fully account for the ef-

fects of changes in precipitation over time, the fixed-effects included in the regression will

at least control for average rainfall effects. Research has shown that although changes in

precipitation matter for agricultural yields, their impacts might be smaller than changes in

temperature. Schlenker and Lobell (2010) and Bezabih, Di Falco, and Mekonnen (2014) find

that for African countries, changes in temperature have larger effects on yields than changes

in precipitation. Schlenker and Roberts (2008) find that if the United States experiences an

increase in precipitation levels in the future, this could somewhat but not fully offset the ill

effects from high temperature on yields. Since scientists predict a decrease in rainfall for the

regions I study in this paper, and lower precipitation has been found to reduce crop yields,

including precipitation would likely reinforce my argument that future climate change will

be detrimental to agricultural crops in Chile.

Summary statistics for crop yields are in Table 7. Yields vary across crops and regions

as some regions might have better technology, better climate and more fertile soils. For

example, the region of Los Lagos has the highest average yields for potatoes but has the

lowest average yields for corn and kidney beans. This is partly due to its wet and cooler

weather that is ideal for growing potatoes but not for growing corn. Some regions do not

grow all crops. For example, the region of Coquimbo does not grow chickpeas or apples but

grows all other crops. This is another reason I use region and year fixed-effects, as they will

pick up some of these systematic differences. Figures 5 and 6 show the average number of

days in each temperature bin for the regions of Araucańıa and Maule. I use these regions

as examples because they have the highest share of workers working in agriculture (25% in

Maule and 19% in Araucańıa).

Table 8 shows that the regions used in this analysis are the poorest and more rural regions

of Chile. Apart from the region of Santiago, the seven other regions are all above the na-

tional average in terms of population below the poverty line and below the national average

6United Nations Framework Convention on Climate Change (UNFCCC) 2008
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in terms of GDP per capita. The region of Araucańıa is by far the poorest with a GDP per

capita similar to a country like El Salvador. The regions of Maule, B́ıo B́ıo and Los Lagos

also have GDPs per capita that are much lower than the national average. In the region of

Araucańıa, almost 30% of the population lives in poverty while in Maule, B́ıo B́ıo and Los

Lagos, it is around 20%. So even though the national GDP per capita has increased over

time and the national average poverty levels are quite low, in the regions where agriculture

is still central to their economies, poverty remains an important issue. This table shows

that if climate change is harmful for crop yields in these regions, the impacts on their people

could be devastating since these are populations that are already suffering from high levels

of poverty and low incomes. Table 8 also shows that in several of the regions I study, there

is a large share of the population that works in agriculture. For example, in the regions of

Maule, Araucańıa and Los Lagos, 25%, 19% and 18% of regional workers work in agriculture

respectively. This means that if I find that climate change has a negative impact on agri-

culture in these specific regions, a large portion of the population will be affected because,

not only do people in these regions live in poverty, they also often rely on agriculture itself

as their main source of income.

These summary statistics show that there is strong regional heterogeneity, in (1) the

climates they host, with some regions having hotter climates than others, (2) the types of

crops they grow as well as their average yields, and (3) their poverty and inequality levels.

These regional variations give me evidence that some regions might be affected differently

than others by climate change. To account for these regional differences, I measure possible

regional heterogeneity later on in the paper.

2.3 Identification Strategy

I follow a panel data approach with region, year and crop fixed-effects (αi, ρt and δc respec-

tively) using the following specification

Yict = αi + ρt + δc +
∑
a,c

θTacTa,it + εict. (3)

The dependent variable, Yict is measured as annual yield for a crop c, in region i, at

year t for the growing months of November through February. My temperature variable

(T ) is measured as 26 temperature bins as we cannot assume that the relationship between
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temperature and agricultural yields is linear (Schlenker and Roberts 2008). This is because

plants rely on accumulated heat to grow and can only absorb heat above or below specific

thresholds (Grierson 2002). By using temperature bins, I avoid having to specify a particular

functional form. Also, as Dell, Jones, and Olken (2013) explain, since climate change is likely

to shift the distribution of average temperatures to the right (with more hot days and less

cold days), the changes in the number of days would not be proportional across bins. Thus,

if I want results that can be used to forecast the effects of long-term climate change, I need

to account for non-linearities.

I construct 25 1◦C temperature bins, the first starting at [5◦C to 6◦C) and the last ending

at [29◦C to 30◦C). This means that T7,it is the number of days in bin 7 [11◦C to 12◦C) for

region i, at year t. The temperature bins vary across regions and years but not crops. For

the lower temperatures, I construct one low temperature bin “Tlow” [−15◦C to 5◦C). This is

because my analysis showed that the 1◦C low temperature bins had similar, small effects on

crop yields. I drop one bin [20◦C to 21◦C) so that my coefficient of interest θTac becomes the

effect of one more day in bin a on the yield of a given crop compared to the bin that was

dropped.

One caveat of this model is that I assume additive separability. The effect of one day in

bin [11◦C to 12◦C) in a colder year on average is considered to be the same as the effect of

one day in bin [11◦C to 12◦C) in a warmer year on average. This is most likely not true,

however, Schlenker and Roberts (2008) find that this type of model performs well for the

United States despite this assumption. I will try to account for such heterogeneity later on

in the paper.

Ideally, I would have both temperature and yields data at the municipality level. Un-

fortunately, the data on agricultural yields is measured at the regional level whereas the

temperature data is measured at the 0.5◦ x 0.5◦ level. To reconcile the two, I construct

regional temperature as the average number of days in each bin for each region and each

year using temperature data for the capitals of each province, meaning

Ta,it =
∑
p

Ta,pt
ni

. (4)

Equation 2 shows how I construct each temperature bin for region i, at year t as the
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average of the number of days in the same bin in the provinces p of that region where ni

represents the number of provinces in each region. I have temperature data on 46 grid points

(the closest to each province’s capital) for Chile and I construct 26 temperature bins for each

grid point for each year and then average the bins out over each region. It is important to

average over the temperature bins and not the temperature itself to be able to account for

nonlinearities. An example of this would be a region with only 2 provinces, one of them

having daily temperature of 28◦C every day and the other having daily temperature of 32◦C

every day. If I average over temperatures, then the average temperature will be 30◦C and

if yields only start decreasing with temperatures above 31◦C, then this method would not

capture this negative impact. However, if I average out over temperature bins, then each day

is given the weight of half a day and the negative effect of one more day above 31◦C would

still show up in my results. This means that my bins can end up with fractional numbers of

days but still sum up to 120 days for each region each year. This way I can still account for

non-linearities despite having to average over each region.

I use fixed-effects to control for any unobservables that might be correlated with temper-

ature and yields and could create a bias in my results. The year fixed-effects control for any

common trends such as changes in productivity that happened over this time period. The

region fixed-effects control for any determinants of crop yields that are time-invariant but

differ across regions such as soil quality and farmer quality. The crop fixed-effects control for

any other unobservables that vary across crops but not region and time, and are correlated

with yields. These three types of fixed-effects help ensure that the relationship between

temperature and yields is identified from idiosyncratic local shocks.

Because the dataset on yields only covers the regular growing season in Chile (November

through February), I cannot look at different possible growing times. This might lead to a

bias in my results since some farmers might grow their crops earlier or later in the year as

a response to a rise in temperatures. Some crops might also have longer growing seasons in

regions with cooler climates. Schlenker and Roberts (2008), however, study soybeans and

corn in the United States and their results remain essentially the same under 8 different

growing seasons specifications.

A panel model also cannot account for general equilibrium effects that might be global in

nature such as consequences on commodity prices. Research has found that climate change
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affects agriculture not only through changes in productivity, but also through changes in

commodity prices (Darwin et al. (1995), Tobey, Reilly, and Kane (1992)). Winters et al.

(1998), using a general equilibrium model, find that not only will agricultural production in

Latin America fall due to climate change, but domestic prices of cereals will also increase,

and this will impact the poorest populations the most. Although measuring specific price

effects due to a rise in temperatures for commodities in Chile is important to understand

aggregate economic impacts, it is beyond the scope of this paper.

2.4 Panel results

2.4.1 Main results

I run the regression for all temperature bins from 1979 to 2009. I drop bin 16 [20◦C to 21◦C)

which becomes the reference bin. For most crops, warmer temperatures have a positive or

non-significant effect on yields but once a certain upper threshold is reached (either 28◦C or

29◦C), the coefficients become negative. The largest declines in yields are observed for pota-

toes and corn. For potatoes, one more day of temperatures between [25◦C to 26◦C) increases

crop yields by 667 kgs per hectare and one more day between [26◦C to 27◦C) increases crop

yields by 500 kgs per hectare compared to a day between [20◦C to 21◦C). But, one more

day of temperatures between [29◦C to 30◦C) reduces potato yields by 4,235 kgs per hectare

compared to a day of temperatures between [20◦C to 21◦C). These results are large given

that the Food and Agriculture Organization of the United Nations (FAO) reports that the

average yield for potatoes for the year of 2013 (latest year with data available) was 23,379

kgs per hectare. This means that one more “very hot” day could reduce potato yields by

almost 20%. For corn, the results are similar, one more day between [26◦C to 27◦C) increases

yields by 915 kgs per hectares but one more day between [29◦C to 30◦C) reduces corn yields

by 2,024 kgs per hectare. This reduction in yields is large given that the average yield for

corn was 10,632 kgs per hectare for the year of 2013.7 Thus one more “very hot” day could

also reduce corn yields by almost 20%.

Figures 7 and 8 summarize these results.8 For corn and potatoes we can see that as

temperatures get warmer, the coefficients are positive, but once we reach the 29◦C upper

7Food and Agriculture Organization of the United Nations (FAO) Statistics, 2013
8See Table 11 in the appendix for detailed results
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threshold, the effects become strongly negative. These results show that climate change could

be harmful for crops in Chile and especially so for potatoes and corn. Scientists predict that

climate change will lead to fewer “cold days” and more “very hot days”.9 Given that I find

that cold days have a small positive effect while very hot days have a large negative effect on

yields, both the projected decrease in “cold days” and the projected increase in “hot days”

will have negative consequences on crops in Chile.

Using international prices for these commodities, I calculate the loss in terms of profit

from one more day in the [29◦C to 30◦C) bin. The current international price for corn from

the World Bank database is around $162 per metric ton (for July 2016) and the aggregate

area harvested for corn in Chile amounted to 142,826 hectares in 2013 (FAO). Assuming that

the international price and the area harvested stay somewhat stable over time; this means

that one more day of temperatures between [29◦C to 30◦C) would create a loss of $361 per

hectare. The total loss for Chilean corn producers could amount to about $52 million per

year (a 21% loss of total profits).10 For potatoes, the World Bank does not offer data on

international prices. However the FAO has data on potato prices in Chile up to 2012. In

2012, one metric ton of potatoes was worth around $450. This means that one more day of

temperatures between [29◦C to 30◦C) leads to a loss of $1,906 per hectare for the producer.

Also, the area harvested for potatoes in 2013 amounted to 49,576 hectares (latest data avail-

able from the FAO). If we believe the area and price of potatoes remain the same over time,

then the total loss for the country of one more day between [29◦C to 30◦C) could add up to

$95 million per year (a 17% loss of total profits).11

These numbers are not exact consequences as area harvested and prices change over time.

However, the area used to grow corn in Chile has increased over time and, if it continued to

do so would lead to my results being an understatement for the future.12 The area harvested

for potatoes has decreased since the 1980’s but has been fairly constant in the last few years.13

My results for corn are similar to what Schlenker and Roberts (2008) and Schlenker and

9INPE (Brazil’s National Institute for Space Research)
10Total profits for corn amounted to around $246 million in 2013 when calculated as total produc-

tion*international price using latest data available from the FAO and the World Bank
11Total profits for potatoes amounted to around $521 million in 2012 when calculated as total produc-

tion*international price using the latest data available from the FAO
12See Figure 16 for more details on area harvested for corn in Chile
13See Figure 17 for more details on area harvested for potatoes in Chile
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Lobell (2010) find for the United States and Africa respectively. They find an upper thresh-

old for corn yields of 29◦C which is the same threshold I find for Chile. However, these papers

do not look at potatoes even though potatoes are one of the world’s most important crop.

My results indicate that just as others have found for crops such as rice, cotton, corn and

soybeans, climate change will have large negative effects on world potato production. If we

believe that these consequences would be similar for other countries, given that global area

harvested for potatoes was 19,337,100 hectares in 2013, then one more day of temperatures

between [29◦C to 30◦C) for all growing countries would lead to global losses of around $37

billion per year.14 Falling corn and potato yields could also have devastating effects on food

supply across the world, particularly in poor countries.

2.4.2 Robustness

I construct two different specifications to measure regional temperature to show that my

results are robust. Firstly, to be consistent with the literature on climate and agriculture,

I run a similar regression with regional temperature constructed as an area-weighted av-

erage of the province temperature, with the weights being the inverse square root of the

distance to the center of the province’s capital. This type of approach is commonly used

when looking at agriculture and aggregating to larger spatial areas. I find that this way of

measuring the regional temperature variable does not alter my results substantially.15 The

coefficients for corn and potatoes for the [29◦C to 30◦C) bin are still negative and significant.

For corn, the reduction in yields is now smaller (1,338 versus 2,024 kgs per hectare) but

still large compared to the average yield. For potatoes, the falls in yields are almost identiti-

cal for either way of measuring the regional temperature (3,890 versus 4,235 kgs per hectare).

Secondly, I construct 2◦C bins and find that for one more day above 28◦C, potato yields

fall by 1,483 kgs per hectare while corn yields fall by 666 kgs per hectare.16 By constructing

larger bins, my coefficients become smaller and this is due to the fact that the positive impact

of warmer days on potato and corn yields partly offsets the strongly negative impacts of days

above the threshold of 29◦C. However, by using larger temperature bins I still find a negative

impact on both corn and potato yields of high temperatures.

14Food and Agriculture Organization of the United Nations (FAO) Statistics, 2013
15For detailed results, refer to Table 12 of the appendix
16For detailed results, refer to Table 7 of the appendix
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2.4.3 Heterogeneity

Two ways the effects of temperature could be heterogeneous are across space or over time.

Are different regions of Chile affected differently by changes in temperature? Do colder re-

gions have lower upper thresholds? Are years that are warmer on average less/more affected

by hot temperatures? I try to quantify these different possible channels of heterogeneity in

this section.

Because Chile is home to a variety of climates and types of soils, I look into regional

effects for each crop. One or several regions might be more impacted by hot temperatures

than others. I find that for corn, kidney beans, potato and oats, the negative impact on

yields of one more day in the [28◦C to 30◦C) bin is strongest for the region of Araucańıa (see

Figures 9 and 10).17 These results are alarming as Araucańıa is by far the poorest region of

Chile with an average income per capita of $8,376 and almost 30% of its population living in

poverty. For a long time, the region of Araucańıa was called “Chile’s granary” as it mainly

grew grains such as wheat and oats. However, farmers in Araucańıa have recently started

to diversify and grow other types of crops in addition to grains. Agriculture is a big part of

the economy in this region (employing around 20% of its workers) and my results show that

climate change would have the largest negative effects on the poorest populations of Chile.

Also, because a large portion of the population in Araucańıa lives in poverty, I expect that

they will be able to fully adapt to climate change as many are likely credit constrained and

lack access to the technology necessary for long-term adaptation.

I also find that colder regions on average tend to be more sensitive to heat. For example,

in the region of O’Higgins, where temperatures do not go beyond 28◦C, apple yields start

falling when temperatures reach 26◦C. This is a lower threshold than what I found for the

country as a whole. In the region of Valparáıso, apple yields fall by 1,643 kgs per hectare

with one more day above 26◦C. These results show that although I did not find a significant

effect on apples when looking at Chile as a whole, I do find that for the colder regions of

Valparáıso and O’Higgins, apple yields fall with one more day of temperatures above 26◦C

(these results are shown on Figures 11 and 12). This gives me evidence that apple production

in Chile might also be negatively impacted by climate change.

17For more detailed results regarding regional heterogeneity, refer to Table 14 in the appendix
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The effects on agricultural crops in the region of Santiago are mixed; days above 26◦C

decrease wheat, barley and apple yields but increase potato, oats and chickpea yields. San-

tiago is the only region for which wheat yields are largely affected by hot temperatures; one

more day above 26◦C reduces wheat yields by 2,000 kgs per hectare (see Figure 13). As

shown on Figure 14, corn yields fall the most in the region of Valparáıso, with one more

day of temperatures above 28◦C leading to a reduction in yields of 14,390 kgs per hectare.

Meaning one very hot day in Valparáıso could reduce corn yields to zero.

This large regional variation gives me evidence that the agricultural impacts of climate

change will vary greatly across regions depending on climate and other regional character-

istics. These results show that it is important to analyze regional variation and not simply

focus on country level impacts. This is because different regions can be affected very differ-

ently by climate change, and by understanding which regions are most at risk, we can better

allocate resources necessary for future adaptation and mitigation. For example, if there is a

limited amount of financial aid, as well as other resources to allocate across regions to help

reduce the future impacts of climate change, the region of Araucańıa should get the highest

level of help as it will be impacted the most by rising temperatures and is by far the poorest

region of Chile.

In addition to regional variation, there might also be heterogeneity over time. For exam-

ple, hot temperatures might have a different impact on the years that were relatively warm

than on the years that were relatively cold. I try to account for this type of heterogeneity by

splitting the sample into two time periods: 1979 to 1993 and 1994 to 2009.18 For potatoes

and corn, the effects of hot temperatures are similar for both time periods. However, in the

later period, hot temperatures (above 29◦C) become harmful for chickpeas while before I

split the sample, I had found no significant impact of hot temperatures on chickpea yields.

For the period of 1994 to 2009, one more day of temperatures between [29◦C to 30◦C) de-

creases chickpea yields by 3,068 kgs per hectare. These results are shown on Figure 15 and

are substantial because the FAO reports that the average yield for chickpeas in Chile in 2013

was 889 kgs per hectare. This means that one more day of temperatures between [29◦C to

30◦C) could potentially drive chickpea yields to zero. In his paper about climate change

and agriculture in India, Guiteras (2009) also finds that hot temperatures have stronger

negative impacts on yields in the later years of his sample. His explanation for such findings

18For detailed results, refer to Tables 15 and 16 of the appendix
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is that later in the century, farmers started using high-yield varieties which are thought to

be more sensitive to changes in climate despite generating better yields. These results show

that better technology does not necessarily imply that crops will be less sensitive to climate

change.

2.5 Adaptation

2.5.1 Motivation

One of the caveats of a fixed-effects panel model is that it does not include possible long-term

adaptation by farmers. Unfortunately, a panel model only allows for adaptation through-

out the year. However, one might think that some farmers might change their behavior

to dampen the adverse consequences of rising temperatures. This would mean that my re-

sults would be an overstatement of future climate change effects. Although I find that hot

temperatures have adverse consequences on Chilean agriculture, if farmers adapt to rising

temperatures, they could potentially fully offset the negative effects found above. This means

that to be able to use my results as a way to predict the impacts of future climate change on

Chilean agriculture, it is important to understand the types of actions farmers might take

to adapt, as well as how many farmers will do so.

There are many ways farmers might adapt to long-term changes in temperature. First

of all, farmers might decide to grow before or after the regular growing season. M. Travasso

and Fernandes (2006) use climate models to predict the effects of climate change on corn

production in South America and find that planting earlier in the year could potentially

fully offset the negative impacts of rising temperatures on corn yields. However, Kahsay

and Hansen (2014) survey farmers in Africa and find that they tend to follow rigid planting

schedules and rarely adopt flexible schedules based on changes in climate.

Farmers might also increase their use of nitrogen based fertilizers. The evidence regard-

ing fertilizer use shows that it can help reduce the negative effects of excess heat on plant

growth but only to a certain degree and only in certain areas (M. Travasso and Fernandes

2006; A. Haverkort and Kalazich 2014). Farmers might also move to different regions where

the climate is cooler. Waldinger (2015) finds evidence that people in developing countries

react to changes in climate by migrating internally. Others might get out of agriculture

22



altogether. S. Feng and Oppenheimer (2010) look at the relationship between crop yields

and migration from Mexico to the United States and find that a 10% reduction in yields

due to hotter temperatures leads to a 2% increase in migration. Veronesi and Falco (2012)

ran a survey in Ethiopia that asked farmers whether they took actions to adapt following

long-term changes in climate and find that most farmers that choose to adapt do so mainly

through soil conservation and changing crop varieties.

Because there will most likely be some adaptation by farmers that could create a bias in

my results, I try to measure such adaptation in this section. However, farmers in Chile will

not have the same resources to adapt to climate change as farmers in a rich country like the

United-States. As mentioned above, in several of the regions analyzed in this paper, many

still live in poverty and average incomes are low. Also, long-term adaptation measures such

as growing different crops or moving out of agriculture have been shown to have high fixed

costs and to take a long time to put in place (Bertola and Caballero 1994). This means

that some farmers might not choose to adapt because it is costly. On top of that, farmers

might struggle with distinguishing between short-run fluctuations and long-term changes in

climate. If they believe the increase in “hot days” is short-term, they might not take any

drastic actions such as switching the crops they grow or planting at different times. Research

on climate and agriculture shows that the effects of climate shocks tend to be persistent.

Hornbeck (2012) studies the U.S. Dust Bowl and finds that long-term adjustments by farm-

ers only offset short-run costs by 14% to 28%. Burke and Emerick (2016) look at recent

farmers’ behavior in the United States and also find limited evidence for adaptation. Fur-

thermore, Dell, Jones, and Olken (2009) look at Latin American countries and the United

States and find that even if we allow farmers to fully adjust to climate change, the projected

negative impacts on agriculture would only fall by half. Thus, even in the most optimistic

scenario where all farmers in Chile are well informed and have the financial means necessary

to fully adapt, the negative impacts of hotter temperatures on Chilean crop yields would

still be important. These studies show that although adaptation and long-term adjustments

to changes in climate can reduce the ill effects of climate shocks, they can only do so partially.

2.5.2 Grape Production

The first way I try to measure adaptation by Chilean farmers is by looking at grape produc-

tion. As mentioned above, the dataset on agricultural yields from the Ministry of Agriculture
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does not include grapes. However, it is important to think about the effects of climate change

on grape production since it is the number one food crop in Chile as well as their number

one export.19 Unfortunately there is no publicly available data on yields for grapes in Chile.

The only data available contains the number of hectares planted per province. This dataset

runs from 1997 to 2015 and covers 24 out of 54 provinces in Chile. To be able to understand

how climate change affects grape production, I need a measure of yields or profits. This

means that this dataset cannot explain how climate change affects grape production. This

data, however, might be able to tell a story of possible adaptation. For example, we might

see that when temperatures get very hot, hectares planted decrease as farmers switch crops

or get out of agriculture. Another way farmers who grow grapes might adapt is by switching

the type of grapes they grow to another variety that is more resilient to weather changes.

This is because there are many different types of grapes that grow in a variety of climates.

The data I have is only divided into fresh and wine grapes thus it limits how many channels

of adaptation I can unravel.

I use the same model as before with hectares planted on the left-hand side and temper-

ature bins as well as province and year fixed-effects on the right-hand side. I look at (1)

whether hectares planted decrease when temperatures get really hot and (2) whether farm-

ers possibly switch from growing one type of grapes to growing the other because of rising

temperatures.

The results in Table 9 show that for grapes used in the production of wine, hectares

planted increase by around 608 hectares per year for one more day of temperatures between

[28◦C to 30◦C) compared to a day between [20◦C to 22◦C). However, for fresh grapes I do not

find a similar effect; the effect of one more day in the hot bin is negative but not significant.

These findings might give evidence for adaptation behavior where farmers who usually grow

fresh grapes decide to switch to wine grapes when temperatures get very high. This might be

due to the fact that wine grapes can be grown in a larger variety of climates. However, this

dataset suffers from a short time span; a longer dataset might have led to more conclusive

results. Also, data on grape yields would show whether fresh and wine grapes are affected

differently by climate change and would also explain better my results regarding adaptation.

If we believe that these results indicate that farmers switch the types of crops they grow when

they face long-term climate change, then my previous results might be overstated. However,

19Food and Agriculture Organization of the United Nations (FAO)
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it takes time and money for a farmer to be able to switch the type of crop he grows. Many

farmers might only be trained to grow one crop as well as not have the financial means to

switch to different crops.

2.5.3 Employment in Agriculture

The second way I study farmers’ adaptation is by looking at agricultural employment. I use

census data on employment from the Chilean government to see whether some farmers leave

agriculture when temperatures get too hot and their yields fall. The census data is available

for 5 years (1960, 1970, 1982, 1992 and 2002) and is at the regional level. Unfortunately,

I do not have data on employment by crop. I look at two relationships: (1) between the

number of farmers and my 2◦C temperature bins, and (2) between the number of people

employed in agriculture and my 2◦C temperature bins.20 Results in Table 10 show that I

do not find a significant relationship between “hot days” and employment in agriculture.

However, the dataset is limiting because of its small span as well as aggregating all crops

together. If Chilean farmers are aware of climate change and see that their yields are falling

due to average temperatures rising and a lack of access to water, some might choose to

leave agriculture and do something else instead. As mentioned above, previous research has

found a positive relationship between hotter temperatures leading to lower crop yields and

migration out of Mexico into the United States (S. Feng and Oppenheimer 2010). If some

Chilean farmers also decide to leave agriculture when temperatures become too high, then

my results would again be overstated.

2.5.4 Other measures for adaptation

Chilean farmers might also adapt to climate change by changing the amount of fertilizers

they use when they observe changes in temperature. Chile has some of the highest yields for

corn and this is partly due to its Mediterranean climate but also due to the farmers applying

high levels of fertilizers (A. Haverkort and Kalazich 2014). These levels have increased over

the last decades but the positive effects on yields have not been proportional. A. Haverkort

and Kalazich (2014) look at different potato production sites in Chile and find that there

is a positive relationship between actual yields and total fertilization, with fertilization ex-

20The census has data on the number of people with occupation “skilled agricultural and fishery workers”
as well as the number of people working in the industry “Agriculture, fishing and Forestry”; I use these two
datasets to proxy for “farmers” and “all workers in agriculture”
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plaining 45% of the variation in yield. In the last 50 years, total area harvested for potato

production has decreased by around 45% but total production has increased by more than

50% and A. Haverkort and Kalazich (2014) attribute this to better technology as well as

a higher use of fertilizers. The available data on fertilizers in Chile is only at the country

level which does not allow me to look at the relationship between temperature and regional

fertilizer use. However, the data shows that country level fertilizer use has increased over

time and research on other countries shows that even for developing countries such as India,

farmers adjust the amount of fertilizers they use to the number of hot days experienced

that year (Guiteras 2009). But, as explained above, increasing fertilizer use can not fully

counter the negative effects of hot temperatures. Crops can only utilize a certain amount

of excess nitrogen and Yadav, Peterson, and Easter (1997) find that in the United States,

corn farmers have been using much higher levels of fertilizers than can be absorbed by the

plants. Thus, even though farmers in Chile might increase their use of fertilizers to adapt to

long-term changes in temperatures, this will only reduce the negative effects of high tempera-

tures up to a certain threshold at which additional nitrogen stops being absorbed by the crop.

Another practice farmers might use to adapt to climate change is to grow their crops in

the winter instead of the summer. The Ministry of Agriculture only offers data on summer

crops so I have no way to quantify this possible adaptation. However, if some farmers de-

cide to grow before or after the typical growing season when they notice an increase in the

frequency of very hot days, my results might be overstated. By growing during different

times of the year when there are no “very hot” days, they might avoid the fall in yields

they would have experienced had they grown in the summer. This type of measure would

most likely be taken once farmers believe the changes in temperature are permanent and

not short-run shocks. As I explained above, this process might take years and the amount

of farmers actually changing their growing season might be relatively small in the short and

medium run. Guiteras (2009) finds that in India, winter cropping is not affected by a one

degree change in temperature.

There are many ways farmers can adapt to changes in climate and it is likely that some

will take measures to reduce the adverse effects of climate change. However, it can be hard

for farmers to distinguish between short-run shocks and long-run trends. If a farmer notices

that one year temperatures are higher than normal and his yields have fallen, but the next

temperatures are back to normal, he might believe that the former year was an anomalie
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and not climate change related. Thus this farmer might not take any action towards long-

run climate change adaptation. Also, farmers in Chile might not have the same financial

means to adapt to climate change as farmers in a developed country. This is especially

true for regions like Araucańıa, Maule and Los Lagos where many live in poverty and the

average household has a low income. Falco et al. (2012) find that farmers in Africa adapt

to long-term changes in climate if they have access to credit as well as reliable information

regarding future climate trends. This means that the size of the bias in my results would be

smaller than if I had made such assumptions for a country like the United States. Despite

this, I believe that some steps towards adaptation will be taken by Chilean farmers meaning

that my results are likely to be biased upward. Bezabih, Di Falco, and Mekonnen (2014)

find a causal relationship between food security in Ethiopia and climate change adaptation

measures such as incorporating new crop varieties and soil conservation. Thus, adaptation

could partly aleviate some of the negative impacts climate change will have on the poorest

populations of Chile that rely on agriculture for food supply as well as their source of income.

Because I find that the poorest region of Chile, the region of Araucańıa, will be affected

the most by rising temperatures, it is important that country wide plans towards adaptation

focus on this region as farmers living in poverty in Araucańıa will likely not be able to fully

adapt on their own.

2.6 Conclusion

Using a panel model, I find that climate change could have very large negative impacts on

agriculture in Chile. One more day above 29◦C decreases corn and potato yields by almost

20% compared to their average. Chilean farmers could lose up to $2,000 per hectare from

one more day above 29◦C every year. These results are alarming since it has been shown

that climate shocks on agriculture tend to be persistent and that there is little evidence for

farmers’ adaptation to climate change. I also find that the poorest regions of Chile will see

their yields fall the most from rising temperatures. This means that climate change alone

could increase poverty and inequality in Chile. This paper also shows that it is important to

study countries like Chile where the type of climate varies greatly across regions because the

aggregate effects will be different than in countries with very little regional weather variation.

I find that the effects of high temperatures vary greatly region by region, with colder regions

being more sensitive to heat. This paper can guide policy makers on how to allocate the
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resources needed for adaptation, as resources are scarce and it might be necessary to focus

on those regions affected the most such as Araucańıa and Valparáıso.

This paper is one of the first to quantify the effects of rising temperatures on potato

yields using a panel model. It is important to understand how potato production will re-

act to climate change as potatoes are the third largest crop in the world. I find very large

negative impacts on potato production in Chile and if these impacts are similar for other

countries, populations in African countries that rely on potatoes as their source of income

as well as their source of nutrition could suffer from increased malnutrition due to climate

change.

My results show that there is a strong negative relationship between corn or potato yields

and hot temperatures. These results could be used to forecast the future effects of climate

change in Chile. However, as explained above, different regions will be affected differently

and when forecasting the effects of climate change, one must take this into account. Another

question that remains is how much Chilean farmers will adapt to future climate change and

whether this will offset the negative impacts found above. Despite not being able to measure

exact levels of adaptation by farmers, it is crucial for policy makers to create policies that

can help poor farmers transition towards such adaptation as they likely will lack the financial

means to do so on their own.

28



3 Tables and Figures

Table 1: Panel Unit Root Tests : Levin and Lin

Y ∆Y K ∆K L ∆L RE ∆RE NR ∆NR

t 3.18 -3.72*** 2.69 -2.97*** -2.44*** -1.07 0.44 -8.04*** -2.93*** -4.69***
P-value (0.99) (0.00) (0.99) (0.00) (0.01) (0.14) (0.67) (0.00) (0.00) (0.00)
Lags 2.67 2.93 3.27 2.53 2.67 2.40 2.40 2.40 2.40 2.80
Individual-specific FE YES YES YES YES YES YES YES YES YES YES

***,**,* indicate significance at the 1%, 5% and 10% respectively. I used the AIC criterion for lag
selection with a maximum lags of 5. The null hypothesis is that each series has a unit root.
P-values are reported in parentheses.

Table 2: Panel Unit Root Tests : Im et al.

Y ∆Y K ∆K L ∆L RE ∆RE NR ∆NR

t-bar 3.99 -8.10*** 2.81 -9.89*** 0.72 -4.60*** -1.73** -13.19*** -0.69 -9.46***
(0.99) (0.00) (0.99) (0.00) (0.76) (0.00) (0.04) (0.00) (0.25) (0.00)

Lags 1.13 0.93 2.27 1.47 1.47 1.27 0.93 1.20 1.93 1.80
Individual-specific FE YES YES YES YES YES YES YES YES YES YES

***,**,* indicate significance at the 1%, 5% and 10% respectively. I used the AIC criterion for lag
selection with a maximum lags of 7. The null hypothesis is that each series has a unit root.
The t-bar statistic is normally distributed under the null. P-values are reported in parentheses.
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Table 3: Pedroni Cointegration Tests

Within dimension Between dimension

Panel v-statistic 4.00** Group ρ-statistic 3.29
Panel ρ-statistic 1.81 Group PP-statistic -4.56**
Panel PP-statistic -3.08** Group ADF-statistic -2.76**
Panel ADF-statistic -2.44**

***,**,* indicate significance at the 1%, 5% and 10% respectively. The null hypothesis is
that there is no cointegration. The panel v-statistic is a one-sided test where large positive
values reject the null. The other statistics are one-sided where large negative values reject
the null. These tests were run using deterministic trends and the criterion for lag selection
is AIC.

Table 4: Group Mean Panel FMOLS Estimates

DEPENDENT VARIABLE = GDP(Y)

K L RE NR K L RE NR

(1) (2)
Coefficient 0.21*** -0.11*** 0.03*** 0.13*** 0.23*** -0.04*** 0.03*** 0.11***
t-statistic 58.43 -7.00 3.08 12.36 43.71 -7.34 4.42 9.82
Time dummies NO NO NO NO YES YES YES YES

***,**,* indicate significance at the 1%, 5%, 10% respectively. Deterministic trends are included in the regression.
Time dummies capture common disturbances that are shared across individual members.
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Table 5: Group mean panel FMOLS Without Non-renewable Energy Consumption

DEPENDENT VARIABLE = GDP(Y)

K L RE K L RE

(1) (2)
Coefficient 0.35*** 0.55*** 0.06*** 0.31*** -0.02 0.02*
t-statistic 41.50 24.77 2.41 36.54 0.26 1.67
Time dummies NO NO NO YES YES YES

***,**,* indicate significance at the 1%, 5% and 10% respectively. Deterministic trends are
included in the regression. Time dummies capture common disturbances that are shared across
individual members.

Table 6: Granger Causality Tests Results

Dependent variable Independent variable

dY dK dL dRE dNR
dY 59.93*** 127.30*** 61.06* 59.23*

(0.07) (0.00) (0.06) (0.08)
dK 87.78*** 87.78*** 81.71*** 60.33*

(0.00) (0.00) (0.00) (0.06)
dL 90.14*** 81.96*** 94.11*** 78.08***

(0.00) (0.00) (0.00) (0.00)
dRE 72.06*** 66.01** 62.09** 64.47**

(0.01) (0.02) (0.05) (0.03)
dNR 91.11*** 108.63*** 92.58*** 95.73***

(0.00) (0.00) (0.00) (0.00)

***, **, * indicate significance at the 1%, 5% and 10% respectively. χ2 statistics reported. P-values are in parentheses.
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Table 7: Summary statistics

Variable All Coquimbo Valparáıso O’Higgins Maule B́ıo B́ıo Araucańıa Los Lagos Santiago

Wheat yield 35.26 27.09 34.50 34.77 32.09 30.94 31.19 45.45 45.89
(11.87) (9.23) (6.96) (9.50) (10.95) (9.74) (10.89) (13.76) (8.74)

Oats yield 26.84 19.88 21.04 19.30 23.55 27.23 30.41 35.22 36.46
(13.23) (15.39) (11.45) (8.04) (8.76) (10.62) (11.77) (9.12) (19.79)

Barley yield 29.86 15.03 21.64 27.23 37.62 38.34 33.53 35.50 28.02
(12.00) (7.14) (5.25) (10.11) (10.34) (10.03) (11.13) (9.02) (10.29)

Corn yield 59.80 44.27 69.88 95.03 60.73 44.19 36.17 6.31 86.18
(35.15) (21.51) (23.61) (23.11) (23.02) (31.17) (38.89) (4.24) (24.39)

Kidney bean yield 12.45 11.34 11.87 16.80 15.22 12.85 8.22 6.28 12.71
(4.29) (2.57) (2.60) (3.49) (3.30) (4.12) (3.44) (3.28) (3.29)

Chickpea yield 11.42 NA 11.71 10.47 11.24 12.10 9.57 1 14.73
(21.17) (17.34) (15.51) (21.43) (19.45) (19.98) NA (35.30)

Potato yield 148.71 171.56 119.01 154.77 143.30 123.69 138.29 194.47 144.58
(42.79) (36.79) (22.00) (31.40) (25.47) (48.95) (50.55) (37.73) (28.48)

Apple yield 18.83 NA 19.42 18.04 18.21 18.73 21.11 NA 18.24
(7.36) (7.79) (6.23) (3.93) (6.93) (13.47) 4.64

Reported are means and standard deviations for each crop and region. Yields are measured in 100 kgs/hectare.
Source: Chile’s Ministry of Agriculture.

Table 8: Regional differences in income and poverty

Variable National average Coquimbo Valparáıso O’Higgins Maule B́ıo B́ıo Araucańıa Los Lagos Santiago

GDP per capita 22,059 14,800 17,009 17,985 10,620 12,582 8,376 13,335 24,224
Population below poverty line 14 16 16 16 22 22 28 18 9
Rural population 13 20 9 29 33 17 32 30 3
Workers employed in agriculture 13 13 7 5 25 10 19 18 5

GDP per capita is measured in PPP 2014 international dollars. Population below poverty line and rural population
measured as shares of the population (%). Workers employed in agriculture measured as share of total workers. Sources:
Central Bank of Chile, National Statistics Office of Chile and the Ministry of Social Development of Chile.
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Table 9: Results of FE regression for grapes
Hectares: wine grapes fresh grapes

Temperature bins:

T1 [−8◦C to −6◦C) -1570.18 -41.17
(1628.37) (352.10)

T2 [−6◦C to −4◦C) 490.75 -40.53
(630.82) 136.04

T3 [−4◦C to −2◦C) 210.55 105.46*
(251.82) (54.57)

T4 [−2◦C to 0◦C) -121.96 -106.13***
(169.29) (34.93)

T5 [0◦C to 2◦C) 10.30 15.77
(146.67) (32.32)

T6 [2◦C to 4◦C) -170.52* -4.51
(95.47) (19.68)

T7 [4◦C to 6◦C) -69.81 -5.36
(71.88) (14.22)

T8 [6◦C to 8◦C) -70.52 6.36
(62.77) (11.82)

T9 [8◦C to 10◦C) -61.67 6.02
(63.77) (11.88)

T10 [10◦C to 12◦C) -7.19 2.90
(59.64) (11.65)

T11 [12◦C to 14◦C) -96.48* 1.84
(54.75) (9.95)

T12 [14◦C to 16◦C) -34.75 12.13
(46.24) (9.21)

T13 [16◦C to 18◦C) -25.76 5.55
(51.78) (10.45)

T14 [18◦C to 20◦C) 100.08* 5.07
(59.57) (13.10)

T16 [22◦C to 24◦C) 7.80 -13.93
(64.00) (13.66)

T17 [24◦C to 26◦C) -217.06*** 2.84
(80.16) (17.77)

T18 [26◦C to 28◦C) 206.86 -0.53
(140.74) (30.65)

T19 [28◦C to 30◦C) 698.78** -66.54
(333.07) (74.49)

***, **, * indicate significance at the 1%, 5% and 10% respectively.
Standard-errors are in parentheses. T15 [20◦C to 22◦C) was dropped.
Year and region fixed-effects are always included.
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Table 10: Results of FE regression for employment
Dependent variable: farmers employed in agriculture

Temperature bins:

Tlow [−8◦C to 2◦C) 0.58 0.10
(0.10) (0.32)

T6 [2◦C to 4◦C) -0.23* -0.47
(0.11) (0.36)

T7 [4◦C to 6◦C) 0.01 0.12
(0.06) (0.20)

T8 [6◦C to 8◦C) 0.01 0.08
(0.05) (0.18)

T9 [8◦C to 10◦C) -0.04 -0.09
(0.06) (0.19)

T10 [10◦C to 12◦C) 0.01 -0.17
(0.06) (0.17)

T11 [12◦C to 14◦C) 0.05 0.27
(0.05) (0.15)

T12 [14◦C to 16◦C) -0.02 -0.03
(0.04) (0.13)

T13 [16◦C to 18◦C) -0.02 0.10
(0.05) (0.16)

T14 [18◦C to 20◦C) 0.04 0.14
(0.04) (0.14)

T16 [22◦C to 24◦C) -0.09 -0.11
(0.06) (0.18)

T17 [24◦C to 26◦C) -0.08 0.06
(0.07) (0.22)

T18 [26◦C to 28◦C) 0.10 0.58
(0.18) (0.58)

T19 [28◦C to 30◦C) -0.19 -1.06
(0.41) (1.34)

***, **, * indicate significance at the 1%, 5% and 10% respectively. Standard-
errors are in parentheses. T15 [20◦C to 22◦C) was dropped. Year and region
fixed-effects are always included. Farmers are defined as the number of people
having the occupation of “skilled agricultural and fishery workers”. “Employed
in agriculture” is defined as the number of people working in the industry “Agri-
culture, fishing and forestry”. Both are measured as the share of workers in the
region*100 (a coefficient of -0.23 means that the share of farmers fell by 0.23%).
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Source: Intergovernmental Panel on Climate Change (IPCC). Temperature anomalies
with respect to 1901 to 1950 and simulated future anomalies.

Figure 1: Temperature Anomalies for South America
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Source: Brazil’s National Institute for Space Research (INPE). Projected annual changes in dryness
compared to 1980-1999. Upper panel: consecutive dry days is measured as days with precipitation
lower than 1 mm. Lower panel: changes in soil moisture measured as soil moisture anomalies.

Figure 2: Climate change predictions for South America: changes in dryness
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Source: Brazil’s National Institute for Space Research (INPE). Projected annual changes for
2081-2100 with respect to 1980-1999. Warm/cold days are measured as days in which
the maximum temperature exceeds/is lower than the 90th/10th percentile of that day
of the year. Warm and cold nights are measured similarly.

Figure 3: Climate change predictions for South America: warm and cold days
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Source: Chile’s Ministry of Agriculture.
Location and main crops for the 8 regions used in this paper.

Figure 4: Regions and crops
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Average number of days in each bin for the region of Araucańıa. Araucańıa is the poorest region of Chile
and 20% of its workers work in agriculture.

Figure 5: Regional temperature variation: Araucańıa

Average number of days in each bin for the region of Maule where 25% of workers work in agriculture.

Figure 6: Regional temperature variation: Maule
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Figure 7: Coefficients and confidence intervals for corn

Figure 8: Coefficients and confidence intervals for potatoes
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Figure 9: Heterogeneity: effects on corn yields in Araucańıa

Figure 10: Heterogeneity: effects on potato yields in Araucańıa

41



Figure 11: Heterogeneity: effects on apple yields in Valparáıso

Figure 12: Heterogeneity: effects on apple yields in O’higgins
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Figure 13: Heterogeneity: effects on wheat yields in Santiago

Figure 14: Heterogeneity: effects on corn yields in Valparáıso
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Figure 15: Heterogeneity: effects on chickpea yields: 1994 to 2009

Figure 16: Corn production in Chile
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Figure 17: Potato production in Chile

45



4 Appendix

4.1 Main results

Table 11: Results of FE regression with 1-degree bins
Yields (100 kgs/hectare): corn kidney potato wheat barley oats chickpea apple

Temperature bins:

Tlow [−15◦C to 5◦C) 2.71*** 0.25 1.78** 0.18 0.22 0.59 1.01 0.65
(0.90) (0.90) (0.89) (0.89) (0.92) (0.97) (1.03) (1.03)

T1 [5◦C to 6◦C) 2.52* -0.61 1.48 -0.62 -0.57 1.47 -0.07 -0.09
(1.42) (2.09) (1.40) (1.40) (1.45) (1.69) (2.09) (1.77)

T2 [6◦C to 7◦C) 4.10*** 0.49 2.69** 0.38 -0.18 -0.92 -0.72 1.21
(1.24) (1.24) (1.21) (1.21) (1.28) (1.42) (1.78) (1.50)

T3 [7◦C to 8◦C) 1.03 1.07 -1.37 0.84 1.04 -0.59 -0.90 1.58
(1.23) (1.23) (1.17) ( 1.17) (1.21) (1.29) (1.61) (1.48)

T4 [8◦C to 9◦C) 0.30 1.18 1.69 -0.08 1.34 1.33 1.74 0.81
(1.17) (1.17) (1.15) (1.15) (1.16) (1.23) (1.41) (1.34)

T5 [9◦C to 10◦C) 1.25 0.87 3.34*** -0.25 0.03 -0.08 1.06 -0.09
(1.09) (1.10) (1.05) (1.05) (1.07) (1.09) (1.32) (1.30)

T6 [10◦C to 11◦C) 2.39** 0.33 -0.77 0.65 1.14 0.70 3.05** 0.40
(1.03) (1.03) (1.00) (1.00) (1.02) (1.10) (1.29) (1.21)

T7 [11◦C to 12◦C) 2.33** 0.23 3.85*** 0.05 0.78 -0.06 -1.22 0.16
(1.01) (1.01) (0.98) (0.98) (1.01) (1.04) (1.26) (1.20)

T8 [12◦C to 13◦C) 1.53 0.11 1.97** 0.83 0.81 1.38 0.08 0.92
(0.99) (0.99) (0.97) (0.97) (1.00) (1.02) (1.15) (1.18)

T9 [13◦C to 14◦C) -0.42 0.44 2.72*** 0.37 0.47 0.47 0.29 0.64
(0.95) (0.96) (0.91) (0.91) (0.93) (0.98) (0.91) (1.13)

T10 [14◦C to 15◦C) 1.04 1.07 1.14 0.27 0.94 0.63 0.77 1.09
(1.04) (1.05) (0.98) (0.98) (0.99) (1.04) (1.25) (1.28)

T11 [15◦C to 16◦C) -0.33 -0.04 2.49*** -0.22 0.44 0.12 0.91 -0.60
(0.97) (0.98) (0.93) (0.93) (0.96) (0.99) (1.18) (1.18)

T12 [16◦C to 17◦C) 1.90* 0.58 1.90* -0.02 0.60 1.07 0.81 1.72
(0.99) (1.00) (0.97) (0.97) (1.01) (1.03) (1.16) (1.21)

T13 [17◦C to 18◦C) 1.09 0.46 3.44*** 0.42 1.26 0.36 0.43 0.40
(0.98) (0.98) (0.96) (0.96) (0.98) (1.02) (1.10) (1.14)

T14 [18◦C to 19◦C) 0.64 0.67 -0.51 -0.30 0.33 0.54 1.16 0.96
(1.09) (1.09) (1.06) (1.06) (1.08) (1.09) (1.21) (1.30)

T15 [19◦C to 20◦C) 1.26 0.11 -1.99* 0 0.56 -0.10 1.28 0.18
(1.12) (1.12) (1.10) (1.10) (1.11) (1.16) (1.28) (1.28)

T17 [21◦C to 22◦C) 3.55*** 1.17 0.48 0.24 1.43 -0.11 -0.61 2.76
(1.28) (1.28) (1.26) (1.26) (1.29) (1.32) (1.26) (1.49)

T18 [22◦C to 23◦C) 1.10 0.31 -0.53 -0.84 0.53 0.80 -0.81 0.25
(1.28) (1.28) (1.26) (1.26) (1.29) (1.30) (1.38) (1.42)

T19 [23◦C to 24◦C) -1.99 0.09 4.58*** -0.32 0.57 -0.24 -0.82 -1.60
(1.64) (1.64) (1.62) (1.62) (1.64) (1.72) (1.89) (1.92)

T20 [24◦C to 25◦C) 3.13* 0.24 2.20 0.21 0.45 -0.20 2.08 0.31
(1.62) (1.62) (1.60) (1.60) (1.61) (1.64) (1.74) (1.85)

T21 [25◦C to 26◦C) 1.12 -0.43 6.67*** 0.78 0.73 1.96 -0.11 -0.36
(1.99) (1.99) (1.98) (1.98) (1.99) (2.00) (2.07) (2.31)

T22 [26◦C to 27◦C) 9.15*** -0.66 5.01* -0.10 -1.08 -0.28 4.22 -2.18
(2.74) (2.74) (2.73) (2.73) (2.75) (2.76) (2.87) (2.98)

T23 [27◦C to 28◦C) 3.68 1.47 6.16 0.35 1.70 0.45 4.78 6.75
(4.32) (4.32) (4.31) (4.31) (4.32) (4.33) (4.53) (4.80)

T24 [28◦C to 29◦C) 4.37 -5.46 -6.88 -2.47 -0.33 -2.92 -3.79 -3.11
(5.79) (5.78) (5.77) (5.77) (5.79) (5.79) (5.90) (6.35)

T25 [29◦C to 30◦C) -20.24** 7.28 -42.35*** 0.66 2.63 8.64 -4.14 5.55
(10.05) (10.05) (10.02) (10.02) (10.05) (10.08) (10.67) (10.74)

***, **, * indicate significance at the 1%, 5% and 10% respectively. Standard-errors are in parentheses.
T16 [20◦C to 21◦C) was dropped. Year, region and crop fixed-effects are always included.
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4.2 Robustness

Table 12: Results of FE regression with weighted averages
Yields (100 kgs/hectare): corn kidney potato wheat barley oats chickpea apple

Temperature bins:

Tlow [−15◦C to 5◦C) 2.35*** 0.07 2.13*** 0.26 -0.02 0.31 0.38 0.32
(0.77) (0.77) (0.76) (0.76) (0.78) (0.82) (0.87) (0.87)

T1 [5◦C to 6◦C) 1.89 -0.57 2.08* -0.41 -0.59 1.12 -0.93 0.01
(1.15) (1.16) (1.14) (1.14) (1.17) (1.37) (1.69) (1.41)

T2 [6◦C to 7◦C) 3.63*** 0.33 3.01*** 0.56 -0.01 -0.57 -0.40 0.99
(1.01) (1.01) (1.00) (1.00) (1.04) (1.15) (1.40) (1.19)

T3 [7◦C to 8◦C) 0.89 0.89 0.09 1.05 1.02 -0.24 -0.89 1.35
(1.02) (1.02) (0.99) (0.99) (1.02) (1.07) (1.28) (1.21)

T4 [8◦C to 9◦C) 0.49 0.76 1.61* -0.05 0.78 0.91 0.71 0.30
(0.97) (0.98) (0.96) (0.96) (0.97) (1.02) (1.16) (1.08)

T5 [9◦C to 10◦C) 1.39 0.59 2.52*** -0.07 -0.30 -0.07 0.77 -0.22
(0.91) (0.91) (0.89) (0.89) (0.90) (0.91) (1.07) (1.05)

T6 [10◦C to 11◦C) 2.32*** 0.28 -0.06 0.81 0.99 0.59 1.91* 0.31
(0.87) (0.87) (0.85) (0.85) (0.87) (0.92) (1.07) (1.00)

T7 [11◦C to 12◦C) 2.54*** -0.13 3.40*** 0.09 0.26 -0.24 -1.63 0.00
(0.84) (0.84) (0.82) (0.82) (0.84) (0.86) (1.00) (0.96)

T8 [12◦C to 13◦C) 1.96** 0.12 2.04** 0.91 0.78 0.91 -0.82 0.91
(0.84) (0.84) (0.82) (0.82) (0.83) (0.85) (0.93) (0.96)

T9 [13◦C to 14◦C) 0.25 0.01 2.59*** 0.32 0.02 0.12 -0.52 0.08
(0.82) (0.82) (0.78) (0.78) (0.79) (0.81) (0.91) (0.93)

T10 [14◦C to 15◦C) 0.69 0.55 1.68** 0.24 0.40 0.39 0.42 0.50
(0.89) (0.89) (0.83) (0.83) (0.84) (0.86) (1.01) (1.04)

T11 [15◦C to 16◦C) -0.47 -0.26 2.75 -0.08 0.03 -0.05 0.12 -0.88
(0.82) (0.83) (0.80) (0.80) (0.81) (0.82) (0.96) (0.95)

T12 [16◦C to 17◦C) 1.83** 0.10 2.24*** 0.14 0.19 0.64 -0.18 1.14
(0.83) (0.83) (0.82) (0.82) (0.83) (0.84) (0.90) (0.94)

T13 [17◦C to 18◦C) 1.24 0.13 3.30*** 0.23 0.76 0.15 0.18 0.04
(0.83) (0.83) (0.82) (0.82) (0.83) (0.84) (0.88) (0.92)

T14 [18◦C to 19◦C) 0.95 0.37 -0.48 -0.12 0.16 0.32 -0.16 0.41
(0.92) (0.91) (0.90) (0.90) (0.90) (0.91) (0.96) (1.05)

T15 [19◦C to 20◦C) 2.17** -0.51 -0.82 -0.01 -0.43 -0.71 0.14 -0.16
(0.99) (0.99) (0.97) (0.97) (0.98) (1.01) (1.10) (1.12)

T17 [21◦C to 22◦C) 3.51*** 0.52 1.15 0.22 0.50 -0.31 -1.35 1.91
(1.14) (1.14) (1.13) (1.13) (1.14) (1.16) (1.21) (1.30)

T18 [22◦C to 23◦C) 1.36 0.30 -1.23 -0.05 0.66 0.46 -0.98 0.47
(1.08) (1.08) (1.07) (1.07) (1.08) (1.08) (1.11) (1.18)

T19 [23◦C to 24◦C) -2.84** 0.65 3.48*** -0.07 0.47 0.52 -1.23 -0.40
(1.38) (1.38) (1.37) (1.37) (1.38) (1.40) (1.48) (1.51)

T20 [24◦C to 25◦C) 3.58** -0.24 5.04*** 0.16 0.44 -0.38 0.68 -0.83
(1.48) (1.48) (1.47) (1.47) (1.47) (1.48) (1.57) (1.62)

T21 [25◦C to 26◦C) 1.23 -0.67 4.00** 0.48 0.54 1.17 0.16 0.11
(1.65) (1.65) (1.64) (1.64) (1.64) (1.65) (1.69) (1.82)

T22 [26◦C to 27◦C) 4.79** 0.19 6.38*** 0.32 -0.54 0.15 1.36 -1.59
(2.04) (2.04) (2.03) (2.03) (2.03) (2.04) (2.12) (2.15)

T23 [27◦C to 28◦C) 4.49 -0.73 3.67 0.25 0.47 -1.62 5.49* 2.07
(3.05) (3.05) (3.04) (3.04) (3.04) (3.05) (3.12) (3.20)

T24 [28◦C to 29◦C) 5.95 -2.89 -2.96 -1.12 -0.02 -1.76 -3.81 -2.55
(4.17) (4.16) (4.16) (4.16) (4.16) (4.17) (4.21) (4.40)

T25 [29◦C to 30◦C) -13.38* 2.15 -38.90*** -2.16 -1.98 2.82 -2.70 1.47
(7.10) (7.10) (7.08) (7.08) (7.08) (7.09) (7.24) (7.28)

***, **, * indicate significance at the 1%, 5% and 10% respectively.
Standard-errors are in parentheses. T16 [20◦C to 21◦C) was dropped.
Regional temperature is constructed as an area-weighted average of the
province temperature with the weights being the inverse square root of
the distance to the center of the province’s capital.
Year, region and crop fixed-effects are always included.
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Table 13: Results of FE regression with 2-degree bins
Yields (100 kgs/hectare): corn kidney potato wheat barley oats chickpea apple

Temperature bins:

Tlow [−8◦C to 2◦C) 0.58 -0.23 1.76 0.73 0.87 -0.26 -2.52 0.56
(1.27) (1.23) (1.23) (1.23) (1.27) (1.33) (1.60) (1.43)

T6 [2◦C to 4◦C) 1.78 -0.90 0.05 -0.79 -1.83 0.36 5.36*** -1.73
(1.15) (1.16) (1.14) (1.14) (1.16) (1.20) (1.34) (1.34)

T7 [4◦C to 6◦C) 0.25 -0.53 0.29 -0.28 -0.80 1.39 -1.60 -0.11
(0.91) (0.91) (0.89) (0.89) (0.90) (0.95) (1.23) (1.06)

T8 [6◦C to 8◦C) 0.40 0.00 0.41 0.08 -0.48 -0.80 1.31 -0.25
(0.75) (0.76) (0.74) (0.74) (0.78) (0.78) (1.12) (0.95)

T9 [8◦C to 10◦C) -1.30* 0.49 0.36 -0.35 -0.08 0.92 1.91** -0.22
(0.67) (0.67) (0.64) (0.64) (0.65) (0.68) (0.92) (0.86)

T10 [10◦C to 12◦C) 0.30 -0.21 1.13* 0.21 0.41 0.22 0.01 -0.56
(0.68) (0.68) (0.65) (0.65) (0.66) (0.69) (0.84) (0.80)

T11 [12◦C to 14◦C) -1.23** -0.18 1.58*** 0.41 -0.11 0.97 0.61 -0.02
(0.60) (0.60) (0.58) (0.58) (0.59) (0.61) (0.71) (0.73)

T12 [14◦C to 16◦C) -1.69*** -0.06 1.11** -0.17 -0.05 0.52 1.25* -0.43
(0.56) (0.56) (0.54) (0.54) (0.54) (0.56) (0.69) (0.69)

T13 [16◦C to 18◦C) -0.55 0.06 1.99*** 0.07 0.31 0.87 0.82 0.09
(0.59) (0.59) (0.58) (0.58) (0.59) (0.60) (0.70) (0.71)

T14 [18◦C to 20◦C) -1.33* -0.08 -2.08*** -0.27 -0.21 0.35 1.65** -0.34
(0.71) (0.71) (0.70) (0.70) (0.70) (0.73) (0.80) (0.82)

T16 [22◦C to 24◦C) -1.92* -0.07 -0.10 -0.57 0.17 0.63 -0.09 -0.84
(0.99) (0.99) (0.98) (0.98) (0.99) (1.01) (1.10) (1.12)

T17 [24◦C to 26◦C) 0.81 -0.45 3.62*** 0.18 -0.08 0.54 0.93 -0.23
(1.03) (1.03) (1.02) (1.02) (1.02) (1.04) (1.14) (1.16)

T18 [26◦C to 28◦C) 4.52*** -0.36 6.01*** 0.35 -0.31 0.58 4.42** -0.45
(1.65) (1.65) (1.65) (1.65) (1.65) (1.66) (1.72) (1.80)

T19 [28◦C to 30◦C) -6.66* -3.03 -14.83*** -2.28 -1.48 0.56 -0.43 -1.23
(3.84) (3.84) (3.83) (3.83) (3.83) (3.84) (4.01) (4.19)

***, **, * indicate significance at the 1%, 5% and 10% respectively. Standard-errors are in parentheses.
T15 [20◦C to 22◦C) was dropped. Year, region and crop fixed-effects are always included.
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4.3 Heterogeneity

Table 14: Results of FE regression with 2-degree bins: regional heterogeneity
Yields (100 kgs/hectare): corn kidney potato wheat barley oats chickpea apple

Coquimbo
T17 [24◦C to 26◦C) 5.95 2.57 9.48 -2.01 4.72 -40.44*** NA NA

(8.95) (1.84) (18.32) (3.26) (5.73) (9.88)
T18 [26◦C to 28◦C) -26.11 -6.00 20.26 -22.08** -8.34 41.29** NA NA

(29.42) (6.07) (60.57) (10.77) (18.93) (19.83)
T19 [28◦C to 30◦C) 8.88 3.46 -77.96 33.00** 9.29 7.96 NA NA

(38.80) (7.99) (78.65) (13.99) (24.53) (29.27)
Valparáıso
T17 [24◦C to 26◦C) -3.93 -0.03 18.35 -2.02 6.48 -0.34 0.92 5.89

(6.22) (1.28) (12.66) (2.25) (4.27) (3.99) (2.56) (5.89)
T18 [26◦C to 28◦C) 132.29* -6.49 -155.76 -21.57 -60.86 11.08 -48.76* -164.33***

(67.15) (13.81) (140.31) (24.96) (44.56) (43.26) (25.79) (54.06)
T19 [28◦C to 30◦C) -143.91* -2.71 92.14 24.89 32.67 -27.28 72.01** NA

(84.03) (17.28) (175.33) (31.19) (55.11) (53.41) (31.74)
O’Higgins
T17 [24◦C to 26◦C) -0.36 0.56 -8.93* -0.41 0.08 -1.23 1.91** 1.25

(2.21) (0.46) (4.55) (0.81) (1.43) (1.40) (0.85) (1.22)
T18 [26◦C to 28◦C) -0.48 0.81 -7.01 -1.19 -1.13 3.90 -0.90 -6.65***

(4.50) (0.92) (9.04) (1.61) (2.86) (2.78) (1.78) (2.47)
T19 [28◦C to 30◦C) NA NA NA NA NA NA NA NA

Maule
T17 [24◦C to 26◦C) -0.59 -0.25 -1.06 0.56 -0.54 0.26 0.76 -0.06

(1.48) (0.30) (3.10) (0.55) (0.98) (0.94) (0.55) (0.79)
T18 [26◦C to 28◦C) 2.02 0.20 -0.34 0.65 0.44 -0.73 2.17 -0.12

(1.99) (0.41) (4.13) (0.74) (1.28) (1.27) (0.76) (1.09)
T19 [28◦C to 30◦C) -1.07 0.26 -6.19 -1.45 0.51 5.81 -0.43 -3.60

(5.68) (1.16) (11.70) (2.08) (3.68) (3.60) (2.17) (3.06)
B́ıo B́ıo
T17 [24◦C to 26◦C) 2.79 0.28 -2.19 0.29 0.15 -0.73 -0.08 2.13

(2.61) (0.54) (5.45) (0.97) (1.71) (1.69) (1.00) (1.56)
T18 [26◦C to 28◦C) 4.75 0.33 4.27 0.31 2.57 3.81 1.70 0.44

(5.62) (1.15) (11.68) (2.08) (3.62) (3.58) (2.13) (3.39)
T19 [28◦C to 30◦C) -24.22 -7.57 2.25 2.91 4.36 -33.41 -7.29 1.56

(34.19) (7.01) (71.23) (12.67) (22.07) (21.99) (13.39) (2.97)
Araucańıa
T17 [24◦C to 26◦C) 0.81 -0.20 4.37* 0.43 -0.06 0.16 0.36 -0.41

(1.17) (0.24) (2.46) (0.44) (0.77) (0.76) (0.49) (0.76)
T18 [26◦C to 28◦C) 9.85*** 1.03 -1.77 0.09 0.75 1.71 0.93 2.95*

(2.65) (0.55) (5.52) (0.98) (1.71) (1.69) (1.05) (1.58)
T19 [28◦C to 30◦C) -18.05*** -3.18*** -19.96** -0.14 -1.86 -3.51 0.16 2.38

(4.86) (1.00) (10.09) (1.80) (3.13) (3.09) (1.85) (2.97)
Los Lagos
T17 [24◦C to 26◦C) -42.05 -11.41 0.08 4.48 6.22 -4.85 NA NA

(60.49) (15.39) (16.70) (2.97) (5.18) (5.08)
T18 [26◦C to 28◦C) NA NA NA NA NA NA NA NA

T19 [28◦C to 30◦C) NA NA NA NA NA NA NA NA

Santiago
T17 [24◦C to 26◦C) 7.10 0.24 -1.54 1.37 -5.06 -16.87*** -5.15 -3.19

(7.01) (1.44) (14.57) (2.59) (4.82) (6.05) (3.27) (3.87)
T18 [26◦C to 28◦C) 18.71 6.30 96.50* -21.25** -9.89 36.43** 72.70*** -7.44

(24.26) (4.99) (49.74) (8.85) (15.38) (16.28) (9.94) (13.16)
T19 [28◦C to 30◦C) NA NA NA NA NA NA NA NA

***, **, * indicate significance at the 1%, 5% and 10% respectively. Standard-errors are in parentheses.
T15 [20◦C to 22◦C) was dropped. Year, region and crop fixed-effects are always included.
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Table 15: Results of FE regression with 1-degree bins: 1979 to 1993
Yields (100 kgs/hectare): corn kidney potato wheat barley oats chickpea apple

Temperature bins:

Tlow [−15◦C to 5◦C) 0.07 0.25 0.90 -0.35 -0.35 -0.85 0.36 0.24
(1.06) (1.07) (1.06) (1.06) (1.06) (1.17) (1.25) (1.23)

T1 [5◦C to 6◦C) 3.75* -1.65 0.34 -0.74 1.18 1.41 -0.01 0.05
(2.00) (2.01) (1.94) (1.94) (1.94) (2.40) (2.54) (2.44)

T2 [6◦C to 7◦C) 1.11 0.23 5.26*** -0.06 -0.22 -2.95 -0.44 0.90
(1.54) (1.54) (1.53) (1.53) (1.53) (1.86) (1.91) (1.89)

T3 [7◦C to 8◦C) -0.46 -0.77 1.54 -0.13 -0.38 -2.26 0.29 -0.30
(1.41) (1.43) (1.33) (1.33) (1.33) (1.48) (1.87) (1.89)

T4 [8◦C to 9◦C) -3.16** 0.66 1.41 -0.87 0.14 2.04 1.23 0.35
(1.29) (1.29) (1.26) (1.26) (1.26) (1.36) (1.54) (1.53)

T5 [9◦C to 10◦C) -0.70 -0.22 3.43*** -0.89 -0.77 -1.26 0.15 -0.76
(1.26) (1.28) (1.23) (1.23) (1.23) (1.30) (1.65) (1.62)

T6 [10◦C to 11◦C) -0.90 -0.07 1.86 -0.58 -0.21 -0.67 1.19 0.25
(1.14) (1.15) (1.14) (1.14) (1.14) (1.26) (1.53) (1.38)

T7 [11◦C to 12◦C) -1.46 0.22 3.60*** 0.00 0.99 0.27 2.34 1.15
(1.25) (1.26) (1.24) (1.24) (1.24) (1.30) (1.58) (1.56)

T8 [12◦C to 13◦C) -1.06 -0.44 3.04*** 0.42 0.45 0.95 0.05 0.32
(1.15) (1.17) (1.14) (1.14) (1.14) (1.21) (1.40) (1.46)

T9 [13◦C to 14◦C) -0.82 0.01 1.86* 0.19 0.39 -0.66 0.91 0.22
(1.04) (1.05) (1.01) (1.01) (1.01) (1.12) (1.35) (1.38)

T10 [14◦C to 15◦C) -0.78 0.70 2.25** -0.17 ** 0.63 -0.06 2.01 1.16
(1.07) (1.09) (1.01) (1.01) (1.01) (1.08) (1.40) (1.43)

T11 [15◦C to 16◦C) -2.99*** -0.91 3.61*** -1.26 -0.53 -0.77 0.25 -0.26
(1.12) (1.14) (1.09) (1.09) (1.09) (1.17) (1.49) (1.48)

T12 [16◦C to 17◦C) -1.07 -0.28 2.61** -0.65 -0.32 -0.62 0.91 0.25
(1.10) (1.11) (1.09) (1.09) (1.09) (1.15) (1.34) (1.38)

T13 [17◦C to 18◦C) -1.47 -0.24 3.36*** -0.81 0.33 -0.78 0.23 -0.10
(1.07) (1.07) (1.07) (1.07) (1.07) (1.17) (1.32) (1.35)

T14 [18◦C to 19◦C) -2.21* 0.11 -0.15 -0.43 0.18 0.14 0.87 0.03
(1.25) (1.25) (1.23) (1.23) (1.23) (1.29) (1.45) (1.56)

T15 [19◦C to 20◦C) -1.57 0.17 -0.57 -0.13 0.17 -0.28 1.24 0.59
(1.12) (1.13) (1.11) (1.11) (1.11) (1.17) (1.31) (1.31)

T17 [21◦C to 22◦C) 0.11 -0.27 3.43** -1.27 -0.47 -1.87 0.59 0.30
(1.64) (1.64) (1.62) (1.62) (1.62) (1.71) (1.85) (1.91)

T18 [22◦C to 23◦C) -1.39 -0.27 0.06 -1.24 0.79 -0.16 -0.03 -0.47
(1.37) (1.53) (1.35) (1.35) (1.35) (1.41) (1.53) (1.59)

T19 [23◦C to 24◦C) 0.06 -1.45 7.76*** -0.74 -0.15 -1.21 -0.23 -0.18
(1.81) (1.82) (1.81) (1.81) (1.81) (1.92) (2.10) (2.18)

T20 [24◦C to 25◦C) -1.98 -0.47 1.27 -0.77 -0.09 -1.00 0.24 0.00
(1.80) (1.80) (1.79) (1.79) (1.79) (1.83) (1.79) (2.15)

T21 [25◦C to 26◦C) -2.01 -0.63 5.32** -0.87 -0.18 0.55 -0.03 -1.86
(2.24) (2.24) (2.24) (2.24) (2.24) (2.27) (2.38) (2.80)

T22 [26◦C to 27◦C) 0.81 -1.12 0.72 -0.54 -0.93 -1.98 0.91 0.43
(3.96) (3.97) (3.95) (3.95) (3.95) (3.97) (4.13) (4.42)

T23 [27◦C to 28◦C) -9.67 3.18 -3.71 -1.08 -2.13 0.23 5.55 3.58
(5.94) (5.94) (5.93) (5.93) (5.93) (5.99) (6.12) (6.29)

T24 [28◦C to 29◦C) -12.19 5.07 -20.50* -0.56 2.93 2.05 3.86 -4.12
(10.59) (10.59) (10.57) (10.57) (10.57) (10.68) (10.89) (14.81)

T25 [29◦C to 30◦C) -11.75 2.86 -30.02 1.84 -4.75 5.49 4.49 4.54
(12.21) (12.26) (12.20) (12.20) (12.20) (12.27) (12.46) (12.78)

***, **, * indicate significance at the 1%, 5% and 10% respectively. Standard-errors are in parentheses.
T16 [20◦C to 21◦C) was dropped. Year, region and crop fixed-effects are always included.
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Table 16: Results of FE regression with 1-degree bins: 1994 to 2009
Yields (100 kgs/hectare): corn kidney potato wheat barley oats chickpea apple

Temperature bins:

Tlow [−15◦C to 5◦C) 3.93** 1.75 0.50 1.12 1.29 1.80 1.77 0.45
(1.63) (1.63) (1.60) (1.60) (1.66) (1.65) (1.84) (1.86)

T1 [5◦C to 6◦C) 2.86 2.20 1.51 0.95 0.70 3.07 0.60 0.64
(2.29) (2.29) (2.25) (2.25) (2.34) (2.66) (4.34) (2.90)

T2 [6◦C to 7◦C) 6.21*** 1.03 -1.35 1.33 1.16 -0.12 3.73 1.69
(2.28) (2.24) (2.15) (2.15) (2.35) (2.40) (4.55) (2.90)

T3 [7◦C to 8◦C) 2.21 1.79 -1.94 1.09 1.42 1.90 -6.51* 0.34
(2.37) (2.34) (2.21) (2.21) (2.41) (2.40) (3.34) (2.69)

T4 [8◦C to 9◦C) 4.69* 2.92 2.47 1.56 2.31 0.23 5.69* 0.88
(2.39) (2.39) (2.28) (2.28) (2.40) (2.37) (3.40) (2.95)

T5 [9◦C to 10◦C) 2.43 1.42 3.19* -0.06 -0.31 1.31 2.72 -1.12
(1.96) (1.96) (1.80) (1.80) (1.86) (1.90) (2.37) (2.27)

T6 [10◦C to 11◦C) 4.18** -0.42 -5.24*** 0.97 1.90 2.16 5.76** 0.50
(1.90) (1.90) (1.75) (1.75) (1.91) (1.91) (2.31) (2.44)

T7 [11◦C to 12◦C) 4.48*** 1.25 2.65* 0.47 1.63 0.42 -3.34 0.20
(1.67) (1.67) (1.57) (1.57) (1.66) (1.64) (2.03) (1.96)

T8 [12◦C to 13◦C) 4.91** 1.85 0.02 1.39 1.37 0.20 -0.37 1.62
(1.93) (1.91) (1.78) (1.78) (1.90) (1.86) (2.17) (2.31)

T9 [13◦C to 14◦C) 1.02 1.34 1.93 0.74 0.85 1.68 1.35 0.42
(1.72) (1.71) (1.60) (1.60) (1.65) (1.67) (1.99) (1.92)

T10 [14◦C to 15◦C) 3.70* 1.23 -0.50 0.90 0.82 1.52 0.96 1.81
(1.91) (1.91) (1.73) (1.73) (1.79) (1.83) (2.19) (2.24)

T11 [15◦C to 16◦C) 1.45 1.49 0.74 0.81 2.21 1.12 2.95 -0.46
(1.63) (1.63) (1.53) (1.53) (1.60) (1.60) (1.83) (1.89)

T12 [16◦C to 17◦C) 4.43** 0.72 0.28 0.01 0.75 2.39 -0.46 0.40
(1.77) (1.76) (1.70) (1.70) (1.83) (1.83) (2.15) (2.33)

T13 [17◦C to 18◦C) 1.69 2.07 1.75 1.87 2.71 1.43 2.15 0.90
(1.71) (1.71) (1.65) (1.65) (1.70) (1.69) (1.88) (1.91)

T14 [18◦C to 19◦C) 3.99** 1.80 0.35 0.50 1.02 1.16 2.58 0.72
(1.85) (1.83) (1.75) (1.74) (1.81) (1.80) (2.00) (2.17)

T15 [19◦C to 20◦C) 2.95 1.49 -6.20*** 0.75 1.80 0.86 4.17* 0.79
(2.18) (2.17) (2.09) (2.09) (2.18) (2.20) (2.50) (2.59)

T17 [21◦C to 22◦C) 5.96*** 1.83 -1.52 1.25 1.79 0.80 -2.73 2.27
(2.09) (2.09) (2.04) (2.04) (2.13) (2.11) (2.36) (2.52)

T18 [22◦C to 23◦C) 5.16** 1.48 -1.12 0.15 0.38 1.66 -5.01** 0.48
(2.20) (2.20) (2.16) (2.16) (2.28) (2.21) (2.44) (2.50)

T19 [23◦C to 24◦C) -1.69 2.24 1.70 1.12 3.29 2.12 2.99 -3.34
(3.03) (3.01) (2.85) (2.85) (2.95) (3.03) (3.57) (3.68)

T20 [24◦C to 25◦C) 4.93 3.03 -0.65 1.39 3.63 0.13 9.53*** 0.81
(3.05) (3.02) (2.92) (2.92) (2.96) (3.00) (3.44) (3.55)

T21 [25◦C to 26◦C) 3.19 -2.45 7.54** 0.36 -1.55 3.29 -1.49 0.88
(3.44) (3.40) (3.36) (3.36) (3.44) (3.40) (3.56) (4.00)

T22 [26◦C to 27◦C) 12.20*** 2.76 4.91 1.35 1.88 1.33 11.10*** 0.23
(4.16) (3.89) (3.84) (3.84) (3.89) (3.89) (4.16) (4.17)

T23 [27◦C to 28◦C) 14.23** 3.96 9.97 2.35 5.71 0.30 3.80 7.16
(6.28) (6.27) (6.20) (6.20) (6.23) (6.23) (6.90) (7.21)

T24 [28◦C to 29◦C) -0.12 -3.16 -16.77** -1.93 -1.32 -3.72 -1.62 1.25
(7.79) (7.78) (7.73) (7.73) (7.88) (7.84) (8.22) (8.51)

T25 [29◦C to 30◦C) -9.91 4.41 -35.71** 1.64 5.83 10.36 -30.68* -1.99
(15.34) (15.28) (15.11) (15.11) (15.19) (15.37) (17.35) (17.02)

***, **, * indicate significance at the 1%, 5% and 10% respectively. Standard-errors are in parentheses.
T16 [20◦C to 21◦C) was dropped. Year, region and crop fixed-effects are always included.
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