
ABSTRACT

WANG, HAOYU. Impact of Climate Change on Agriculture. (Under the direction of Dr. Xiaoyong
Zheng).

Agriculture is the primary source of food for the global population. Climate change can

alter temperature and precipitation patterns, leading to changes in growing seasons, changes

in crop yields, and increased risks of pests and diseases. Understanding these changes is

essential to ensure a stable and secure food supply for the growing global population. My

dissertation focuses on two key facets of climate change: global warming and the depletion of

water resources.

In Chapter 1, I investigate the impact of climate change on food variety. Based on the food

category data provided by FAOSTAT, we construct two primary measures for food variety: a

variety index constructed through the Herfindahl-Hirschman Index and variety counts. These

variety measures reveal a discerning trend: developing countries exhibit significantly lower

levels of food variety compared to developed countries. Annual mean temperature, aggregated

from Climate Research Unit (CRU) grid data to the national level, is used as the main weather

variable. Following the existing literature, the marginal effect of a 1°C increase in temperature

on food variety represents a potential long-term consequence of global warming. Results

from the linear panel data fixed effects econometric models and several robustness checks

show the impact of high temperature on food variety is negative. Furthermore, our results

reveal that two mitigation strategies are at work. First, hot weather reduces the variety counts

produced domestically, while variety counts consumed by households remain unchanged.

This indicates that trade can allow a country to offset the loss of variety counts in production by

importing more from abroad. Second, though variety counts produced domestically decline, the

variety index based on the production set remains unaffected. This suggests that farmers may

strategically adjust their production by prioritizing major crops and reducing the cultivation of

minor ones amid the threat of hot weather.

In Chapter 2, I explore the heterogeneous responses to different water shocks between water-

intensive and regular crops. To achieve this, I construct a novel dataset for soil moisture and

blue water at the county level across the United States. This dataset reveals a concerning trend

of diminishing water resources, particularly in the western part of the country. Subsequently, I

examine the different responses to water shortages between water-intensive crops and other

crops. The outcomes of our study unveil the following findings: First, soil moisture and blue

water are crucial factors in farmers’ planting decisions in the rice and cotton grown areas.

Second, farmers adapt by switching between water-intensive and regular crops in response



to changes in water availability. Third, farmers can promptly alleviate the impact of water

loss in soil moisture by implementing strategies such as irrigation supplemented with blue

water. Unfortunately, irrigation might be the last resort to water shortage. When blue water

consistently declines in the long run, farmers have no choice but to reduce planting acreage.

Lastly, when an irrigation system is in place, planting acreage becomes less sensitive to soil

moisture and more responsive to blue water.
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CHAPTER

1

FOOD VARIETY AND CLIMATE CHANGE

1.1 Introduction

Food variety exerts a profound in�uence on public health, social well-being, and productivity.

It is widely recognized that consuming a diverse range of foods plays a pivotal role in achieving

balanced nutrition, promoting good health, and maintaining dietary interest through the ex-

ploration of various �avors and textures. As highlighted by Drescher et al. (2007) and Lutaladio

et al. (2010), a food supply characterized by greater diversity is more likely to foster a nutri-

tionally balanced diet. Furthermore, clinical investigations consistently reveal that a varied

diet is associated with positive health outcomes. For instance, studies by Hatløy et al. (2000),

Arimond and Ruel (2004), and Steyn et al. (2006) have demonstrated that food and dietary

diversity contribute to enhanced physical development, particularly in young children during

their formative stages. Additionally, research has indicated that maintaining a diversi�ed and

healthy diet correlates with other health-promoting behaviors. For example, individuals who

adhere to a diverse diet are less inclined to engage in smoking behaviors (Grunberg 1982) and

are more likely to practice weight and calorie intake control (Wack and Rodin 1982).

Variety also holds signi�cant importance for social welfare, a concept well-explained by

classical consumer theory in economics. According to this theory, the presence of more vari-

ety enhances consumers' well-being by expanding their choice set (Scherer 1979; Eizenberg

1



2014). Empirical research in international economics has also con�rmed the bene�ts of variety.

Feenstra (1994), Broda and Weinstein (2006) and Chen and Ma (2012) demonstrate that there

is a signi�cant increase in social welfare when more variety is introduced through trade. Fur-

thermore, studies that include speci�c demand models accounting for heterogeneity in both

product characteristics and consumer preferences within the industrial organization literature

also support the notion that variety improves social welfare. Notable examples in this line of

research include Hausman and Leonard (2002), Brynjolfsson et al. (2003) and Bhattacharya

(2015). Finally, the existing literature has consistently demonstrated, both theoretically and

empirically, that variety contributes positively to productivity, as evidenced in studies by Romer

(1990), Feenstra and Kee (2004), and Feenstra and Kee (2008).

In this study, our primary focus lies in quantifying the impact of climate change on food

variety. To do so, �rst we develop a food variety index based on the Her�ndahl–Hirschman Index

(HHI). We also use variety counts as a complementary measure for food variety. Our variety

measures cover the period from 1991 to 2020 and spans up to 153 countries, providing extensive

coverage for insights into variations in food variety among nations and its evolution over time. 1

The results from the variety measures show a concerning pattern: developing countries lag

signi�cantly behind developed countries when it comes to food variety. Second, our food variety

index is constructed based on two distinct food baskets: the domestic production set and the

total consumption set. The total consumption set includes food products from both domestic

production and international trade. By comparing the variety index derived from these two

sets, we can draw conclusions regarding the increase in variety intake by domestic households

attributed to international trade. In general, the variety measures of the �nal consumption

set consistently exceed those derived from the production set, indicating a potential gain in

variety resulting from trade.

Our weather data come from the Climate Research Unit (CRU), same as Auffhammer et al.

(2013) and Maystadt and Ecker (2014). The raw annual mean temperature and precipitation

data are at the grid level with a resolution of 0.5 � 0.5 degrees by latitude and longitude. We

then aggregate this grid level data to obtain national level data. In this aggregation process, we

use population density as the weight to ensure that the average temperature is not skewed by

observations in regions with low economic activities. Climate change encompasses a broad

spectrum of long-term shifts in temperatures and weather patterns, impacting various aspects

of our environment. In this study, we only focus on the impact of global warming on food

variety. To examine this speci�c facet of climate change, we follow the methodology used by

1Due to data availability, the coverage for countries varies across different years. We have low coverage in early
years. For instance, we have 124 countries for the starting year of 1991 and 151 countries in year of 2020. We
obtain the maximum coverage of 153 countries in year of 2018.
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Mendelsohn et al. (1994), Fisher et al. (2012), and Dell et al. (2012). We include annual mean

temperatures as our key variable. So, when we assess the marginal effect of a 1 °C increase in

temperature on food variety, it is essential to recognize that this 1 °C increment represents a

potential long-term consequence of global warming. 2

We then investigate the in�uence of climate change on food variety using panel data

estimation with �xed effects. The baseline model outcomes indicate that a 1 °C increase in

the annual mean temperature signi�cantly reduces variety counts produced domestically by

0.5347 units, but it does not signi�cantly affect the variety counts consumed. This implies that

trade can compensate the loss in variety counts in production due to hot weather by increasing

imports from abroad. Consequently, the overall variety counts consumed by households remain

unchanged. Interestingly, while variety counts produced domestically decrease in response to

hot weather, the variety index remains unaffected. This suggests that farmers may strategically

adjust their production by prioritizing major crops and reducing the cultivation of minor

ones amid the threat of hot weather. Next, we further explore the heterogeneous response to

weather shock between low and middle-and-high income countries by introducing a dummy

variable for low-income countries. Surprisingly, 1 °C increase in the annual mean temperature

signi�cantly reduces the variety counts produced domestically by 0.6005 units in middle-and-

high-income countries, while it does not have a signi�cant impact on poor countries. This can

be attributed to the fact that agricultural production in poor countries is already operating

at a necessary threshold, and these nations must �nd ways to maintain their production

habits in the face of the threat posed by a hotter climate. In addition, we utilize the fractional

logit estimation for variety index, plus a number of alternative speci�cations, to validate the

robustness of our results. Our results from the panel data estimation contribute to a deeper

understanding of the impact of climate change on food variety. To the best of our knowledge,

this paper represents the �rst attempt to establish a causal link between food variety and

climate change.

Our research contributes to the expanding body of literature on climate change economics.

In broad terms, the existing literature generally agrees on the adverse effects of climate change

on economic outcomes. Empirical analyses consistently demonstrate a strong negative corre-

lation between adverse weather conditions and various crucial economic indicators. These
2Climate change also means variability in weather patterns, and it may seem more logical to consider variations

in temperature and precipitation as the key variables. However, constructing a reliable measure of temperature
variation requires daily frequency data, which is often unattainable in developing countries. As pointed out
by Dell et al. (2012), national accounts are notoriously hard to measure in developing countries due to data
unavailability and measurement errors. Alternatively, weather variability can also be approximated by tracking
the occurrence of extreme natural disasters. Nevertheless, due to de�cient infrastructure, cultural disparities, and
ethical considerations, timely and precise data collection of natural disasters also remains a formidable challenge
in developing nations.
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adverse weather conditions encompass a range of factors, including but not limited to extreme

heat, reduced precipitation, and a host of other extreme events. The existing literature has

established a connection between hot climates and lower income per capita (Masters and

McMillan 2001; Dell et al. 2009; Barrios et al. 2010). Additionally, the literature also points to

climate change's association with a higher probability of civil con�icts (Miguel et al. 2004;

Miguel and Satyanath 2011). Furthermore, adverse effects of climate change have also been

linked to lower labor productivity (Graff and Neidell 2014), increased mortality rates (Desch-

enes and Moretti 2009; Deschênes and Greenstone 2011), lower birth weights (Deschênes

et al. 2009), elevated energy consumption (Deschênes and Greenstone 2011; Auffhammer and

Aroonruengsawat 2012), lower biodiversity (Polasky et al. 2005; Rands et al. 2010), as well as

higher crime rates and aggressive behaviors (Jacob et al. 2007). Our study extends the scope

of climate change literature by conducting the �rst analysis of the relationship between food

variety and climate change.

Our research is more closely related to the climate change literature regarding its impact on

agricultural productivity. Divergent opinions exist within this stream of literature. In general,

estimates derived from panel data regressions tend to predict economically and statistically

signi�cant negative impacts of hotter temperatures on agricultural output, as found by Kaiser

et al. (1993) and Fisher et al. (2012). Conversely, an alternative perspective is presented by

Mendelsohn et al. (1994), who adopt the Ricardian approach and �nd contrasting results. Their

analysis reveals no statistically signi�cant relationship between weather conditions and agri-

cultural pro�ts. Moreover, they argue that if short-run �uctuations have minimal impacts, then

in the long run, when adaptation measures become feasible, climate change might plausibly

have limited or potentially even positive effects. Subsequent literature, including studies by

Levine and Yang (2006) and Deschênes and Greenstone (2007), aligns with these �ndings. Our

research is related to this literature as agricultural productivity directly in�uences the quantities

of agricultural products produced in a given country, and this, in turn, in�uences food variety.

Lastly, our research is connected to the literature that explores speci�c adaptation strategies

for climate change in agricultural production. Studies in this literature have examined crop

choice (Seo and Mendelsohn 2008), double cropping (Kawasaki 2019), adoption of irrigation

(Quiggin et al. 2010), labor migration (Munshi 2003) and growing season adjustment (Cui and

Xie 2022). In this study, our �ndings con�rm a negative impact of climate change on food

variety, and we present evidences consistent with a mitigation strategy through international

trade.

The rest of the article is organized as follows. Section 2 provides detailed procedures on the

construction of the two food variety measures and the weather variables. Section 3 explains

the empirical strategy. Results from our main speci�cation and several robustness checks are

4



presented and discussed in Sections 4 and 5, respectively. Finally, Section 6 concludes.

1.2 Data and variables

In this section, we introduce the construction procedure and the related data sources for the

two key variables: the food variety index and temperature. We also discuss the data sources for

other control variables that are used in our estimation.

1.2.1 Food variety measure - HHI

We use the Her�ndahl–Hirschman Index (HHI) to construct the food variety index. First intro-

duced in Hirschman (1964), HHI has become an important measure to monitor the concentra-

tion of basket of entities. To calculate HHI, we take the percentage market share of each food

product in the basket, square that number, and then add all the squares together. The formula

to calculate HHI is speci�ed as follows:

HHI i ,t =
NX

j =1

€
si ,t

j

Š2

si ,t
j =

e i ,t
j

P N
j =1 e i ,t

j

,

(1.1)

where HHI i ,t denotes the HHI in country i for year t . si ,t
j represents the market share of food

product j , which is calculated as the ratio between the expenditure for food j and the total

food expenditure. In addition, e i ,t
j is the expenditure on food product j in country i for year

t . The HHI takes value between 0 and 1. A highly concentrated basket has an HHI close to

one where only a few products hold a large percentage of the market share. In other words,

increases in the HHI generally indicate an increase in concentration, whereas decreases imply

the opposite.

A higher level of concentration means food consumption is only splitted between few food

products, thus with a lower degree of variety. Therefore, using the opposite side of HHI, we

are able to construct a measure for variety. Following the practice in Chang and Meyerhoefer

(2021), we de�ne the variety index as follows:

Variety i ,t = 1 � HHI i ,t . (1.2)

Following Smith and Ocampo (2022), HHI can also be interpreted in the perspective of

probability. Assuming uniform distribution of market share spectrum across food products,
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the market share sj equals the probability that product j is picked for a given purchase. If

purchases are independent events, s2
j present the probability that choice is made with the

same product j for two consecutive purchases. Summing all squared terms, we have the total

probability that two purchases are made with the same food products. Alternatively, 1 � HHI

equals the probability that two purchases are from different products. Of course, higher value

of 1 � HHI implies greater variety as the probability to select different goods for two purchases

are getting higher.

In this study, we consider two sets of variety index: variety index constructed based on the

domestic production set and total consumption set. More speci�cally, the variety indexes are

de�ned as follow.

Variety i ,t
prod = 1 � HHI i ,t

prod Variety i ,t
cons = 1 � HHI i ,t

cons

HHI i ,t
prod =

NX

j =1

€
si ,t

j ,prod

Š2
si ,t

j ,prod =
e i ,t

j ,prod
P N

j =1 e i ,t
j ,prod

(1.3)

HHI i ,t
cons =

NX

j =1

€
si ,t

j ,cons

Š2
si ,t

j ,cons =
e i ,t

j ,cons
P N

j =1 e i ,t
j ,cons

where e i ,t
j ,prod and e i ,t

j ,cons denote the value of food product j in domestic product set and total

consumption set, respectively. The value of total consumption for each food product j equals

the value of domestic production of good j adjusted by the corresponding net export value.

These two variety indexes are associated with important economic meanings. Variety i ,t
prod

measures the variety level of the domestic production set and Variety i ,t
cons measures the variety

level of total consumption set for households. First, we acknowledge that these two indexes

are related as the domestic production is the direct variety supply of the total consumption for

households within a country. Meanwhile, we admit the difference between these two indexes

as they are build on different food baskets and a higher Variety i ,t
prod doesn't necessarily implies

a higher Variety i ,t
cons.

However, we are able to make reference on the trade bene�t based on the difference between

these two indexes. According to the existing literature, the adverse weather conditions are

likely to result in a lower Variety i ,t
prod . For example, Chen et al. (2023a) has shown different

response of yield to hot temperature across agricultural products: cropping sector suffers while

livestock sector bene�ts from warming temperature. In accordance, the share of bene�cial

product increases while the share of detrimental product shrinks, which leads to an even

lower variety index of the domestic production set. Also, as shown in Roberts et al. (2013) and

Kuwayama et al. (2019), adverse weather conditions lower agricultural productivity. Therefore,

as productivity declines, households are more likely to concentrate on the production of
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essential food products to ensure food security, which also leads to lower variety index of

the domestic production set. If adverse weather condition lowers Variety i ,t
prod while increases

the Variety i ,t
cons, then variety should be imported by trade to better optimize the food portfolio.

Under this scenario, we are able to conclude the bene�t of trade to stabilize the variety level in

response to adverse weather conditions.

According to (1.1) and (1.3), the construction of HHI requires the value of every item in the

domestic production and total consumption sets. More speci�cally, we require the value of

domestic production, export and import for each food product. Food product j is de�ned as a

single food product listed under the Food and Agriculture Organization Corporate Statistical

Database (FAOSTAT). Examples of food products are wheat, beef, poultry, etc. For complete set,

please refer to table A.1. The food basket is de�ned as the entire food product set reported by

FAOSTAT. From 1991 to 2020, FAOSTAT has a complete archive of the total production and trade

balance account for 186 agricultural products. After removing the non-food or unidenti�ed

products, we end up with 151 items. 3 These items are produced and consumed consistently

across all sample years at an aggregate world level.

1.2.2 Food variety measure - variety counts

Another straightforward method to quantify variety is by utilizing variety counts. Again, we

calculate variety counts for both the domestic production set and the total consumption set.

By comparing the disparity between these two sets of variety counts, we can draw conclusions

regarding the bene�ts of trade. For instance, if adverse weather conditions lead to a reduction

in variety counts within the domestic production set but result in an increase in variety counts

within the total consumption set, it suggests that new varieties are being introduced through

trade. Consequently, we can reasonably conclude that trade plays a bene�cial role in enhancing

the food variety within households' consumption bundles.

1.2.3 Variety index v.s. variety counts

It is crucial to recognize the distinction between the variety index and variety counts. The

variety index (1-HHI) and variety counts address different facets of variety: the variety index

emphasizes the distribution of varieties, while variety counts emphasize the quantity of dis-

tinct items. These two measures correspond to the dual avenues through which a country

can enhance its food variety. For any given country, the enhancement of food variety can

be achieved by either increasing the quantity of available varieties or by achieving a more

3For example, the non-food items are �ber, beeswax, cotton etc. The unidenti�ed products are grouped items
under FAOSTAT code, such as other tropical fruits, n.e.c.
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equitable distribution among different food products. These represent two complementary

approaches for fostering greater diversity within a country's food consumption basket.

It's important to emphasize that a high variety index does not necessarily imply a high

variety count, and vice versa. To illustrate this point, consider a scenario where there is a basket

of N products, but the majority of consumption is concentrated on a single item. In such a case,

the variety index would be lower than that of another basket where consumption is equally

distributed among N � 1 products. This extreme example highlights that variety index and

variety counts can yield opposing predictions regarding the variety level between these two

baskets. However, it's important to note that this counterexample is represented an extreme

case in which consumption is highly concentrated on one or a few food products. Fortunately,

in reality, such extreme cases can be ruled out due to the fact that the highest market share of a

single product does not exceed 12% across the entire sample.

In summary, variety index and variety counts focus on different perspectives of variety,

which complement each other and thus we incorporate both measures in our econometric

analysis in later section.

1.2.4 Food variety distribution and evolution

Panels (a), (b), and (c) in Figure 1.1 depict the distribution of the variety index of the consump-

tion set for the years 1991, 2005, and 2020, respectively. An analysis of these panels reveals

several noteworthy patterns concerning the variety index on an international scale. Firstly, it is

evident that developed nations consistently exhibit a higher variety index when compared to

their developing counterparts. This discrepancy becomes even more pronounced in recent

years. In 2020, for instance, developed countries in Western Europe and Northern America

boasted a signi�cantly greater variety index compared to developing nations in Africa and

Northern America. Secondly, there appears to be a correlation between a country's landmass

and its variety index. Generally speaking, countries with vast territories, such as China, Australia,

Brazil, Russia, and the USA, tend to display a larger variety index implying a more equitable

distribution of food products when compared to the global average. Conversely, smaller or

island nations in Southeast Asia, Latin America, and Oceania tend to exhibit a smaller variety

index implying a more concentrated distribution of food products. Lastly, the role of trade

in shaping the variety index is evident. Regions with more liberalized trade policies, such as

Western European countries, tend to register higher variety index values.

Panel (d), (e) and (f) of Figure 1.1 display the distribution of variety counts of the total

consumption set across the international scope. Variety counts exhibit similar trends to the

variety index, where countries with higher income, larger landmass, and more open trade
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policies tend to enjoy a greater abundance of food variety counts. However, it's important

to note certain inconsistencies between these two measures of food variety. For instance,

countries in Southeast Asia, such as Thailand, Malaysia, and Indonesia, exhibit a lower variety

index than the world average but possess a higher variety count than the global average. This

suggests that these nations have a substantial quantity of food variety but with an uneven

distribution among food products. Conversely, in the opposite scenario, India maintains a

variety index above the world average while its variety count falls below the global average.

Consequently, we conclude that India, although having a lower quantity of food variety in

terms of counts, boasts a relatively equal distribution among food products."

Figure 1.2 demonstrates the distribution of variety index and variety counts of the domestic

production set across the globe. In general, the food variety measures of the production set

exhibit similar trends to those observed within the total consumption set: countries with higher

income, larger landmass, and greater openness to trade tend to experience a higher degree

of food variety. However, it's noteworthy that, for the majority of countries, both the variety

index and variety counts of the domestic production set are typically smaller than those of the

total consumption set. This observation implies that most countries acquire their food variety

through international trade."

Figure 1.3 displays the trade bene�t, which is de�ned as the difference of variety measures

between total consumption and domestic production set, at the international scale. Panel

(a), (b) and (c) of Figure 1.3 show the trade gain or loss based on variety index. Within our

sample, the majority of countries experience a net gain in food variety index, and this trade

gain becomes increasingly signi�cant over time. Regions with open trade policies, such as

Western Europe, exhibit the most substantial gains in variety index from trade. Notably, Gulf

countries like Bahrain, Kuwait, and Saudi Arabia also show remarkable improvements in variety

index due to their dependence on trade for food variety supply, given their unfavorable climate

for agricultural production. On the contrary, Australia and Argentina suffer a loss in variety

from trade. It's worth noting that these two countries are major food exporting countries.

Therefore, food variety index downgraded in Australia and Argentina due to their increasingly

specialization in particular food products on the global supply chain. 4 Unfortunately, we also

observe a loss in variety due to trade in some low-income countries in Latin America and Africa.

Panels (d), (e), and (f) depict the trade bene�t based on variety counts, revealing a universal

improvement in variety counts across all countries in our sample. The most signi�cant gains

in variety counts are observed in trade-liberal regions like Western Europe and areas with

4Australia is is one of the 5 largest producers in barley, wheat, beef and sheep meat. Argentina is one of the 5
largest producers in the world of soy, maize, sun�ower seed, lemon and pear; one of the 10 largest producers in
the world of barley, grape, artichoke.
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unfavorable climate conditions for agriculture, such as Gulf countries."

Panel (a) and (b) of Figure 1.4 show the change in variety index between 1991 and 2020. Panel

(c) of Figure 1.4 displays the trade bene�t calculated based on variety index over time. Recall,

the trade bene�t is de�ned as the difference of the variety index between the total consumption

set and domestic production set. Therefore, the change in trade bene�t equals the difference

of change in variety index. Between 1991 and 2020, the variety index of both consumption

and production set improved for most countries, indicating a more equitable distribution

in both food consumption and production set. When examining the change in trade bene�t

during this period, we �nd that most countries witnessed an improvement. Notably, there was

a decline in trade bene�t for major food exporters such as Australia and Argentina, as well as

for low-income countries in Latin America and Africa.

Panel (d) and (f) of Figure 1.4 show the change in variety counts of the total consumption

set and domestic production set, respectively. During this period, we observe an increase in

total counts for most countries, indicating a growing consumption and production of a wider

range of food varieties over time. The trade bene�t, based on variety counts, is presented in

panel (f ) of Figure 1.4. Once again, for the majority of countries, there is an overall increase

in total trade bene�t, with trade-liberal regions like Western Europe experiencing the most

signi�cant increments.

1.2.5 Weather data

The usual way to obtain weather data is from the ground station, which typically provides

a highly accurate measurement of the exact climate for a particular location. However, data

obtained from the ground station does suit the demand for the climate change study on the

international scale due to its incomplete coverage, particularly in low-income countries or

areas with spare population density. The alternative solution is to use the grid data products,

which interpolate among the ground station. The grid data offers a balanced panel for every

grid on the planet and thus is frequently used by economists in constructing weather data.

The weather data is obtained from Climate Research Unit (CRU) conducted by the Uni-

versity of East Anglia. These data were constructed by interpolating the observations from

meteorological stations in a spatial resolution of 0.5� 0.5 degrees or an equivalent 50km � 50km

grid size on the globe. 5 The CRU provides grid data for mean temperature, max temperature,

min temperature and precipitation on monthly basis ranging from 1901 to 2021. Since its

introduction, CRU has become a popular source for weather data in the literature, such as

Auffhammer et al. (2013) and Maystadt and Ecker (2014).

5For more details regarding the data construction methodology, please see Harris et al. (2020).
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As for aggregation, the national- and sub-national-level data is aggregated by center latitude

and longitude of each grid weighted by population density. The population density data is

provided by Socioeconomic Data and Application Center af�liated with NASA. The population

density data is partitioned into 0.25 � 0.25 degrees resolution. 6 Using population weighted

weather data is the common practice in literature. For notable example, please see Dell et al.

(2009), Dell et al. (2012) and Acevedo et al. (2020). This approach ensures the average weather

re�ects the experience by a person in the administrative area, not the experience by a place.

This adjustment is critical for countries with large and diverse geographies such as US and

Russia. By using the population weights, we rule out the possibility that the average temperature

is dominated by observations with little economic activity and sparse populations (such as

deserts, rain forests, or the Arctic).

Panel (a) and (b) in Figure 1.5 display the weather distribution on the world map of the

year 1991 and 2020, respectively. Generally, we observe the temperature distribution follows

the geographical pattern, which declines as the location moves away from the equatorial.

Panel (c) of Figure 1.5 displays the increment in mean temperature from 1991 to 2020. For

all countries of interest, we observe temperature rise, which con�rms the popular claim of

global warming. On average, the temperature rises for 0.92 °C worldwide over this period. 7 The

most affected areas are found in the northern part of the Eurasia continent with an average

increment above 2 °C. Similarly, the distribution and change of precipitation between year 1991

and 2020 are displayed in Figure 1.6. The precipitation distribution strongly follows Köppen

climate classi�cation, where highest rainfall record is found in tropic rain-forest climate area

and lowest rainfall record is observed in hot desert climate region. For most countries, we do

not observe signi�cant change in mean precipitation between 1991 and 2020. However, certain

areas close to equatorial, such as India, Indonesia, Tanzania and Columbia, have witness

increases in mean precipitation across our sample years. On the contrary, the drier climate is

observed among countries from the Southern part of South America.

1.2.6 Data source of control variables

Our econometric analysis incorporates several control variables to account for the observ-

able country-and time-varying factors that can in�uence food variety. The income per-capita

and agricultural land per capital are obtained from the World Bank database. The share of

agricultural land equipped with irrigation is derived based on the land survey reported by

6The dataset provides estimates of population density, which is based on counts consistent with national
censuses and population registers. We choose the year 2010 as the �xed weight to construct our weather data.

7For this statistic, we only consider countries according to our unbalanced variety index. The average is taken
as the mean of all countries of interest.

11



FAOSTAT. Next, the mean years of schooling is from the Human Development Index (HDI)

reported by United Nation Development Program. The mean years of schooling is one of the

components being used in calculation for the HDI index. We also include the dummy vari-

ables for low-income countries to control for the asymmetric effect of adverse weather shocks.

The classi�cation of low-income countries is based on the benchmark of income-per capita

updated on annual basis by the World Bank.

1.2.7 Description and summary statistics of variables

Brief descriptions of the variables utilized in this study, as well as the corresponding summary

statistics, are presented in table 1.1. The average variety index of total consumption set and

domestic production set equal 0.870 and 0.845; implying that, on average, countries consume

a more diversi�ed food basket than the production set. This is reasonable given the fact that

countries can import variety via trade. The average variety counts of consumption set and

production set equal 88.96 and 46.67 units, respectively. According, we conclude that, on

average, countries gain 43.29 units of variety through trade.

Next, the global average temperature and precipitation equal 18.33 °C and 1151mm, re-

spectively.8 Splitting the sample, 24% the sample are poor countries. Mean temperature varies

in great magnitude between sub-samples with mean value of 22.51 °C and 17.00°C for low

and middle-and-high income countries, respectively. At the same time, the precipitation has

smaller variation than temperature with sub-sample mean value of 1159mm and 1148mm for

low and middle-and-high income countries, respectively. Finally. the descriptive statistics of

other control variables are also include in Table 1.1.

1.3 Empirical speci�cation and estimation strategy

Our methodological approach is generally in line with the recent cross country and panel

literature on climate change (e.g. Dell et al. (2012), Acevedo et al. (2020) and Newell et al. (2021)).

To determine the impact of climate change on food variety, we utilize the main empirical

speci�cation de�ned as follows:

Variety i t = � 1 � Tmp i t + � 2 � Prei t + � 3 � Tmp2
i t + � 4 � Pre2

i t

+ 
 Xi t + � i + � t + " i t (1.4)

8The weather data is adjusted by population size and is relatively bigger compare to data adjusted by area
weights.
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where dependent variable Variety i t denotes food variety measures in country i at time t . Here,

we consider both measures of food variety: variety index constructed by HHI and variety

counts. Tmp i t and Prei t represent mean temperature and precipitation for country i in year t .

Following Schlenker and Roberts (2006, 2009), we capture the nonlinear relationship of weather

variables by including the squared terms. The vector Xi t contains a number of control variables.

Including these Xi t variables in the speci�cation allows us to control for other observable

country- and time-varying factors that can in�uence food variety. Finally, � i and � t , respectively,

are the country and time-�xed effects typically included in panel models, and " i t is the error

term.

Following standard practice in the are of climate change literature, temperature is measured

in °C and precipitation in millimetres divided by 100 for scaling purpose. 9 It is worth noting

that weather refers to short-term changes in the atmosphere, whereas climate describes what

the weather is like over a long period of time in a speci�c area. Due to the panel estimation

structure, the estimated parameter denotes the effect of a one unit deviation from the mean of

temperature or precipitation. In other words, we do not study the effects of climate change as a

long term change, but annual weather variations. However, analysing the effect of temperature

variations helps to understand effects of climate change, and in particular global warming. So,

when we calculate the marginal effect of 1 °C increase on food variety, this 1 °C increase is in

fact an potential effect that will happen in the long run.

The vector Xi t contains control variables which account for other country- and time-varying

factors that can in�uence food variety. First, households' income level can affect both the

quantity and quality of food consumption, which then directly impacts food variety intake.

We include GDP per-capita to capture the income effect. Next, to account for difference in

land quality, we included the share of agricultural land equipped for irrigation. This is also

the common control variable for land quality used in Reimers and Klasen (2013). Thirdly, it is

important to rule out the possibility that differences in the capacity of agricultural production

are driving the results. Accordingly, we further include the agricultural land per-capital in the

estimation. The land quality and agricultural capacity variables are able to affect food variety

in two ways. On one hand, improvement in land quantity and agricultural capacity boosts

agricultural production, which leads to an enlargement of households' choice set for each

food product. Accordingly, we expect higher level of food variety as households have more

availability of each product to optimize their food intake portfolio. On the other hand, high

land quality and agricultural capacity also result in specialization in agricultural production.

This can reduce food variety level as specialization potentially decreases the total number of

varieties produced in a given country. The next control variable accounts for the difference in

9This common re-scaling procedure can also be found in Dallmann (2019)
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human capital across countries. In line with the existing literature, such as Griliches (1997) and

Barrios et al. (2010), we used mean years of schooling account for difference in the population

education level. The education level also affects food variety in two ways. As noted in Chul Ahn

et al. (2006), diet diversity is positively associated with education level. At the same time, we also

acknowledge that higher education level reduces labor supply on the farm as shown in Bardhan

(1979) and Ito and Kurosaki (2009). The decrease in labor supply on the farm reduces total

food production. Therefore, we expect a lower food variety level for the country as households

have less availability of each product to optimize their food consumption. Finally, we include

the trade freedom index reported by the Heritage Foundation to control the different level of

trade barriers that exist across countries. The trade freedom index is a composite measure

of the absence of tariff and non-tariff barriers, such as price restriction, quantity restriction

and other regulatory restrictions. As shown in the construction of variety measures, we allow

households to obtain food variety both from domestic production and international trade.

Therefore, including this index to account for trade barriers is necessary.

To our best knowledge, this paper is the �rst to study the relationship between climate

change and food variety. Therefore, our choice of control variable is mainly based on the

literature of climate change's impact on agricultural yield and planted acreage. These variables

directly or indirectly affects the quantity and distribution of agricultural production and thus

has potential effects on food variety. Among the relevant literature, soil characteristics is of

great importance in the speci�cation. For notable instance, Mendelsohn et al. (1994) and

Deschênes and Greenstone (2007) includes a wide ranges of variables such as salinity, moisture

capacity, soil erosion and the type of soil (clay or sand), to account for potential variation in

soil quality. These studies have their analysis built on the US county-level data, which has more

data availability than country-level studies, particularly when our sample includes developing

countries. Next, other than mean temperature and precipitation, many studies include other

complementary weather variables as control variable. For instance, growing degree days in

Mendelsohn et al. (1994), vapor pressure de�cit in Roberts et al. (2013) and drought length in

Kuwayama et al. (2019). These variables are built on detail historical record of weather data,

most of them require a frequency of daily basis. Unfortunately, the weather data available on

national accounts at a global scale is not able to meet such a requirement.

Given the panel nature of our country-level dataset, we utilize a traditional linear panel

FE model to estimate equation (1.4). The FE model allows us to address endogeneity due to

time-invariant unobservables. The country �xed effects, � i , control for all unobserved time-

invariant determinants of food variety. For example, the overall soil quality of the country (as

proxied by the predominant soil types in the area, like clay, sand, loam, etc.) is considered

time-invariant in our country-level context. In addition, the time-�xed effects, � t control for the
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time-varying shock that affects all countries in the sample in a given year the same way, such

as the unobserved macroeconomics shocks. We also use standard errors clustered by country

to account for year-to-year correlations within a country. The following are the parameters to

be estimated � , 
 , � and � . In this study, � is the main parameter of interest and represents

the impact of weather on food variety.

1.3.1 Immediate effect of weather shocks

Based on the speci�cation outlined in equation (1.4), the immediate effect of weather shocks,

such as a 1°C increases in temperature and 100mm increase in precipitation, on the level of

variety measures is de�ned as follows.

immediate effect of Tmp i ,t =
@Variety i ,t

@Tmp i ,t

= � 1 + 2� 3 � Tmp i ,t (1.5)

immediate effect of Pre i ,t =
@Variety i ,t

@Prei ,t
= � 2 + 2� 4 � Prei ,t (1.6)

Since a quadratic term is included in the regression, the marginal effect is not just one

coef�cient. It is a function that depends on the variable. So in this case, we compute marginal

effect at the mean, that is, the marginal effect evaluated at the sample means of weather

variables. Basically, the marginal effect is a linear combination of parameters and the standard

error calculations are based on the delta method. 10

1.3.2 Heterogeneous response between countries

The existing literature has shown strong evidence of heterogeneous response of food variety to

weather shocks between low-income and middle-and-high income countries. First, the litera-

ture on climate and growth rate, such as Barrios et al. (2010), Dell et al. (2012) and Acevedo et al.

(2020), presents asymmetric evidence that higher temperatures substantially reduce economic

growth in low-income countries even more than middle-and-high income countries. This

�nding implies a possible lower level of food variety in low-income countries, as households

have less income to optimize their food consumption portfolio. Besides the impact on output

growth, similar asymmetry between low-income and middle-and-high income countries pre-

serves in other areas, such as agricultural output (Dell et al. 2012) and political stability (Miguel

et al. 2004). The disadvantage among low-income countries regarding these economic factors

also lead to lower food variety level as the disadvantages make it more dif�cult for low-income

countries to obtain and maintain food variety.

10This estimate can be easily obtained by utilizing the built-in function (rnlcom) in Stata.
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These asymmetry between low-income and middle-and-high income countries may lead

to different effects of temperature shock on food variety. We formally test the contrast in their

food variety responses to adverse weather shocks by the following interactive speci�cation

Variety i t = � 1Tmp i t + � 2Prei t + � 3Tmp2
i t + � 4Pre2

i t

+ � 1Tmp i t � low i ,t + � 2Prei t � low i ,t + � 3Tmp2
i t � low i ,t + � 4Pre2

i t � low i ,t

+ 
 Xi t + � i + � t + " i t (1.7)

where low i ,t represents the dummy indicator for low-income countries. The classi�cation

of countries are assigned according to the benchmark of low-income countries updated on

annual basis by the World Bank. The coef�cients � s capture the disparity between low-income

and middle-and-high income countries of food variety in responses to weather shocks.

The interactive dummy variable in equation (1.7) allows us to explore the heterogeneous

response of variety measure to weather shocks between low and middle-and-high income

countries. More speci�cally, we have the immediate effect of weather shock for countries of

different categories de�ned as follows.

immediate effect of Tmp in low i ,t = � 1 + 2� 3 � Tmp i ,t + � 1 + 2� 3 � Tmp i ,t (1.8)

immediate effect of Tmp in mid-and-high i ,t = � 1 + 2� 3 � Tmp i ,t (1.9)

immediate effect of Pre in low i ,t = � 2 + 2� 4 � Prei ,t + � 2 + 2� 4 � Prei ,t (1.10)

immediate effect of Pre in mid-and-high i ,t = � 2 + 2� 4 � Prei ,t (1.11)

Based on the equations above, the immediate effect of low vs middle-and-high income

countries not only depends on the dummy coef�cients � s, but also the value of Tmp i ,t and Prei ,t .

There is substantial difference in the mean value of weather variables between countries of

different classi�cation. To address this difference, we plug in the sub-sample mean temperature

and precipitation of low countries in equation (1.8) and (1.10) to calculate the immediate effect

for low countries. We apply the same strategy for middle-and-high income countries too. This

practice has also be used in previous literature, such as Acevedo et al. (2020).

Table 1.1 also reports the descriptive statistics of temperature and precipitation between

low and middle-and-high income countries. The average temperature of the whole sample is

18.33°C. However, mean temperature varies in great magnitude between sub-samples with

mean value of 22.51°C and 17.00°C for low and middle-and-high income countries, respectively.

At the same time, the precipitation has smaller variation than temperature with sub-sample

mean value of 1159mm and 1148mm for low and middle-and-high income countries, respec-

tively. The same pattern regarding the weather variables across countries is also observed in
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Dell et al. (2012) and Acevedo et al. (2020).

Following Acevedo et al. (2020), we construct the heterogeneous response between coun-

tries of different categories by plugging in different sub-sample mean of temperature and

precipitation. Therefore, the heterogeneity comes both from the dummy coef�cients and the

difference in the mean of weather variables across countries. As the sub-sample mean varies

greatly across low and middle-and-high income countries, we expect the immediate effects to

differ among countries.

1.3.3 Model with lags and cumulative effects of weather shock

As shown in Dell et al. (2012), the weather shock on income growth rate has a lasting effects for

up to 10 years. This result implies a possible lagging effect of temperature on food variety as

national income directly relates to both the quantity and quality of food consumption for a

given country. Meanwhile, the lagging effects can also be induced by the agricultural adoption

behavior in response to adverse weather shocks. For example, Kawasaki (2019) and Cui and Xie

(2022) have shown that weather shocks have lingering effects on double cropping strategy and

adjustments in planting season. Unlike the literature on climate and growth rate, the lagging

effects on households' adaptation behavior only last for two years. Cui and Xie (2022) does a

comprehensive lagging effect analysis which is based on econometric estimation with lags

up to 10 years. Their �ndings can only support the lagging effects to be signi�cant for at most

2 years. To capture the potential lag effects in weather variables, we introduce the following

speci�cation.

Variety i t = � 1 � Tmp i t + � 2 � Prei t + � 3 � Tmp2
i t + � 4 � Pre2

i t

+
JX

j =1

� 1,j � Tmp i ,t � j +
JX

j =1

� 2,j � Prei ,t � j +
JX

j =1

� 3,j � Tmp2
i ,t � j +

JX

j =1

� 4,j � Pre2
i ,t � j

+ 
 Xi t + � i + � t + " i t (1.12)

In these equations, Tmp i ,t � j and Prei ,t � j are lag weather variables. The identi�ed � s capture

the lagging effects of weather variables on food variety measures. Following Dell et al. (2012),

we consider more �exible models with up to 10 lags to better understand the dynamics of these

weather effects.

Given the lagging structure in the speci�cation in equation (1.12), weather variables not only

affect variety measures at impact but also through lags. Therefore, we use the following equation
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to derive the accumulative effects of temperature and precipitation on variety measures.

cumulative effect of Tmp i ,t = � 1 + 2� 3 � Tmp i ,t +
P J

j =1 � 1,j + 2
P J

j =1 � 3,j � Tmp i ,t � j (1.13)

cumulative effect of Pre i ,t = � 2 + 2� 4 � Prei ,t +
P J

j =1 � 2,j + 2
P J

j =1 � 4,j � Prei ,t � j (1.14)

Again, we evaluate the cumulative effects of weather variables at the sample mean. In

other words, Tmp i ,t and Tmp i ,t � j will be replaced by sample mean of temperature. The mean

evaluation practice is also used for the accumulative effects of precipitation.

1.4 Results and discussion

1.4.1 Main estimation results

Table 2.3 presents estimates of the impact of weather shock on food variety. Here, we consider

the in�uence of weather shock on both measures of variety: variety index constructed by

HHI (column 1 & 2) and variety counts (column 3 & 4). Then, by comparing the difference

of variety measures constructed on domestic production set and total consumption set, we

make inference on the bene�t of trade. Panel A of Table 2.3 reports the regular estimates of

the baseline model. Panel B of Table 2.3 shows the marginal effects evaluated as the sample

mean temperature (18.33 °) and sample mean precipitation (1151mm). The standard errors are

clustered by country.

Since the squared weather variables are included in the speci�cation, the coef�cient of

Tmp i ,t and Tmp2
i ,t alone is insuf�cient to conclude the weather effects. Instead, the effects

depends on the variable. So in this case, we compute the marginal effect at the mean, that is,

the marginal effect evaluated at the mean of the temperature and precipitation variables. The

results are summarized in panel B of Table 2.3. Noting that the marginal effect is de�ned based

on the sample mean, and thus the following analysis is tied to this mean value if not speci�ed

otherwise.

At sample average, the marginal effect of temperature on variety counts produced domes-

tically is signi�cantly negative. The marginal effect shows that 1 °C increase in temperature

leads variety count of domestic production to fall by 0.5347 unit. Considering the sample

mean of production variety counts equal 46.47, see Table 1.1, this is equivalent to 1.15% loss.

It's also worth noting that the marginal effect of temperature on variety count is a negative

linear function of temperature. Therefore, the loss in variety count could be even larger given

the common consent on global warming. This negative marginal effect can be explained by

the literature of the relationship between weather conditions and agricultural productivity,
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such as Roberts et al. (2013) and Kuwayama et al. (2019). The undesirable hot climate leads

to lower agricultural productivity. Therefore, as productivity declines, households are more

likely to concentrate on the production of essential food products to ensure food security,

which eventually leads to lower variety counts produced domestically. In contrast, there is

no signi�cant marginal effect on the variety index of the production set even if the variety

counts drop signi�cantly. This insigni�cant effect could be the result that farmers choose to

quit producing the less important products, such as tea leaves, papayas and ginger. These

food products usually take a share value smaller than one in ten thousandth. Therefore, the

reduction in variety index will be trivial after excluding these products from the production

set. Next, the marginal effect of temperature on both variety count and variety index of the

consumption set remain insigni�cant, too. A possible explanation for the insigni�cant effect

on variety count could be a compensation effect from the trade. In other words, countries

choose to import some varieties to make up the variety counts loss in domestic production.

Then, the adverse impact of hot climate on variety index of consumption set will be offset as

the loss in variety count in domestic production is compensated by variety imports.

At sample mean, the precipitation has no signi�cant marginal effect on variety count of

the production set, while it has signi�cantly positive effect on variety index of the production

set at 95% con�dence level. This implies that precipitation doesn't increase the number of

varieties grown domestically, but increases the production of below average crops. Let's put

it clearly in the context of the United States. That is, with more precipitation, the US would

increase the production of minor products, say asparagus; rather than continue to enlarge

the production of major products, say maize and soybeans. That's why we see no effect on

production variety counts but a positive effect on production variety index. Higher agricultural

yield, due to better precipitation condition, also means higher income. Consequentially, the

additional income brings in more variety counts via import. As a result, we see a signi�cant

increase in consumption variety counts in response to higher precipitation. However, the extra

income may not be suf�ciently large and the gain in variety counts via trade comes with small

increment in the share of each food product. Therefore, the marginal effect of precipitation on

consumption variety index remains insigni�cant.

With regard to the control variables in the empirical speci�cation, the parameter estimates

from the linear PE models largely follow expectation. For example, higher log GDP per-capita

leads to higher variety counts in both for the total consumption set and domestic production

set. This result makes sense as log GDP per-capita captures the income effect that is associ-

ated with larger budget set and more agricultural R&D investment in domestic production.

With more income, households are able to buy more varieties of food. Accordingly, variety

counts of total consumption set arise in response to higher income per-capita. At the same
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time, agricultural productivity increases due to more R&D investment in agricultural sector

�nanced by higher income, see Pardey et al. (2013), which then leads to increase in variety

counts of the production set. Besides, the share of land with irrigation equipment is negatively

correlated to variety counts of the total consumption set. Irrigation equipment upgrades the

land quality, which ensures food security from domestic production while discourages food

variety import from abroad. Consequentially, variety counts of total consumption declines

as variety import declines. To put it in a concrete example, the higher productivity due to

irrigation equipment ensures suf�cient supply of oranges. Then, households has less incentive

to import the substitutes of oranges, say apples and pears, which reduces total variety counts

of the consumption set.

1.4.2 Heterogeneous impact of weather shock to food variety

Table 1.3 reports the heterogeneous response of variety measures across countries of different

category to weather shocks. It's worth noting that the sign of the coef�cients of both the weather

and control variables are the same as the baseline model. This suggests that our estimates are

consistent.

Again, due to the squared weather variable included in the speci�cation, we can only draw

conclusion based on the marginal effect, which is reported in panel B of Table 1.3. There are

substantial difference in the sub-sample mean of temperature and precipitation between

low-income and middle-and-high income countries. To address this difference, we plug in

the corresponding sub-sample mean to calculate the marginal effect for countries of different

category. Therefore, the heterogeneity not only come from the coef�cient of dummy variables

but also the different sub-sample mean. Noting that the calculation of marginal effect depends

on the sub-sample mean and the following analysis is tied to these reference mean if not

speci�ed otherwise.

Compare to middle-and-rich countries, poor countries seem unaffected by the hot weather

as the temperature shock has no signi�cant effect on all four variety measures. First, for poor

countries, their agricultural production may operates at a necessary level. Accordingly, they

have to �nd a way to preserve the same production habit amid the threat from hot climate.

That is why we do not see signi�cant impact on both the variety index and variety counts of

domestic production set in response to temperature shock. Second, it is almost unlikely for

poor countries to import variety due to insuf�cient level of foreign reserve. For most poor

countries, they are heavily indebted to foreign investors and their foreign reserve often paid

out as debt repayment, which adds more dif�cult for them to import variety from oversees.

Usually, for poor countries, food import comes in through food assistant program, which are
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dominated in major grains. These grain imports do not have much effect on variety index

as they are already exist in household's food consumption basket. Therefore, the marginal

effects of temperature on both variety index and variety counts of total consumption remain

insigni�cant, too.

At the same time, poor countries are also unaffected by precipitation as no signi�cant

marginal effects identi�ed with respect to precipitation shock for all four variety measures.

Perhaps, due to the lack in science, technology, economy and institution, poor countries can

hardly take full advantage of favorable precipitation conditions to boost agricultural production.

Consequentially, the production variety index and variety counts stay unchanged. Again, as

mentioned above, it is unlikely for poor countries to import variety via trade due to their

insuf�cient foreign reserve. Therefore, we don't see signi�cant impact on both the variety index

and variety counts of total consumption set in response to precipitation shock.

As for the middle-and-rich countries, the marginal effects of both temperature and precipi-

tation share the same sign as the estimates from the whole sample. Accordingly, we conclude

that middle-and-high income countries operate consistently with the whole sample and our

conclusion regarding the impact of climate change on food variety in section 1.4.1 also holds

for middle-and-high income countries .

1.4.3 Cumulative effects of weather shocks

Table 1.4 presents the cumulative effects computed based on the estimates of equation 1.12

with no, 1, 5 and 10 lags to better understand the dynamics of weather shocks. Panel A of

Table 1.4 shows the cumulative effect of weather shocks on variety index and panel B reports

the cumulative effect of weather shocks on variety counts. Again, the cumulative effects are

evaluated at sample mean of temperature and precipitation. Therefore, the following analysis

is tied speci�cally to the condition of the sample mean if not speci�ed otherwise.

In general, the cumulative effect shares the similar pattern to the immediate effects. This

implies that most of our previous prediction about the impact of weather shocks on food

variety remain effective on the cumulative terms. It's worth noting that marginal effect of

precipitation on consumption variety count changes from signi�cant positive at impact to

insigni�cant as lags increase. Recall, the positive effect at impact comes from variety import

brought in by higher income from more agricultural yield with better precipitation conditions.

The changing dynamic, with respect to precipitation's effect on variety counts, shows that

the income generated by higher agricultural yield may not be suf�ciently large and thus it

has only transitional effect at impact. Next, we also notice the marginal effect of precipitation

on consumption index change from insigni�cant to signi�cantly positive at lag 10. Recall,
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total variety counts of consumption set increases at impact due to higher income from more

agricultural yield brought by better precipitation condition. Consequentially, as variety counts

go up, we expect variety index of the consumption set to increase as well. Perhaps, the extra

income may not be suf�ciently large and the gain in variety counts via trade comes with small

increment in the share of each food product. Therefore, the marginal effect of precipitation on

consumption variety index remains insigni�cant in the short run. However, as lags increase,

these insigni�cant effects accumulate and eventually become signi�cant at lag 10.

Finally, it is also worth mentioning the amplifying cumulative effects as the number of lags

increases. The adverse impact of hot climate on the variety count of production set enlarges by

three-fold from a reduction of 0.535 units at impact to 1.748 units at lag 10 in response to 1 °C

increase in temperature. The continuously deteriorating impact suggests climate change has

even more detrimental to food variety in the long run. The hot temperature not only reduces

production variety counts at impact but also persistently diminishes the food variety counts

through lags. We also identify the amplifying bene�t of higher precipitation on the variety index

of the production set. This suggests that favorable rainfall not only induces a more diversi�ed

food portfolio at impact but also continues to improve the variety index via lags.

1.5 Robust Checks

To verify the stability and strength of our parameter estimates with regards to the effect of

weather on food variety, we conduct several robustness checks. First, we consider different

estimation technique and alternative form of the variety counts. Given the fact that variety

index varies between 0 and 1, it is possible to check the robustness of our results by using

a fractional logit model to run the regression. Next, the sample mean of production variety

counts are much smaller than consumption variety counts (88.96 vs 46.67 in Table 1.1), which

could potentially exaggerate the variety gain from trade. Accordingly, we take log of variety

counts to reduce the impact of scale of this variable. The results of these robust checks are

reported in Table 1.5, which can be compared with the baseline results in Table 2.3.

The results obtained from fractional logit estimation exhibit a high degree of consistency in

terms of both the sign and magnitude when compared to standard panel estimation with �xed

effects. Unfortunately, the coef�cients become insigni�cant after using the log of the variety

counts as the alternative independent variable. These �ndings imply that weather conditions

do not exert signi�cant effects on the growth rate of variety counts for both the production and

consumption sets. Consequently, we are unable to draw the conclusion that trade enhances

the growth rate of food variety consumed at home.

Second, we utilize the variety measures constructed based on category and the set of food
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that can be actually eaten as the alternative dependent variable. The 151 food products in our

dataset can be grouped into 10 categories, including cereal, fruits, vegetables, and more (see

Table A.1 for a detailed breakdown). Instead of using individual product values, we aggregate

the values of these categories in the variety index formula presented in equation (1.3). It's

important to note that we do not construct variety counts based on these categories, as most

countries have products from all categories, resulting in minimal variation in category-based

variety counts. Next, we de�ne the edible food set by excluding food items from beverage,

oil-crop, spice, and condiments categories. Subsequently, we construct variety indices and

variety counts based on this edible food set. Finally, we use the equal-weighted weather data

as an alternative for the population-density-weighted weather data. Equal-weighted weather

data means we give the same weight to each grid when aggregating them to the national

level. Recall, the original weather data used in our analysis is constructed by the cell data

weighted by population density. This practice precludes the possibility that weather data won't

be dominated by cells with few human activities, such as desert and tundra areas. Finally, our

last alternative speci�cation utilize both the variety index on categories and the equal-weighted

weather data to evaluate the robustness of our estimates.

Table 1.6 reports the robust check results for regression of variety counts. For robust check,

we compares the immediate / cumulative effect of weather variables across different speci�ca-

tions. To facilitate comparison, we include the baseline results (column 1 & 5). The results from

the alternative speci�cation is highly consistent with the baseline model. Considering both the

immediate and cumulative effects, hot temperature signi�cantly reduces the variety counts

produced domestically across all speci�cations. In contract, variety counts of the consumption

set is not affected by hot climate. These results con�rm our conclusion that the variety counts

imported via trade compensate the variety counts loss produced domestically. Also, we observe

an insigni�cant impact of precipitation on total variety counts produced while a signi�cantly

positive impact on total variety counts consumed. These results strength our conclusion that

precipitation bene�ts production by increase in yield rather than increase in variety counts. In

other words, with more precipitation, farmer increases the yield of the existing crops rather

than planting other different crops. That is why we don't see increase in variety counts produced

home. However, higher yield brings in more income and then more variety import. Accordingly,

variety counts of the consumption set increase signi�cantly.

Table 1.7 reports the robust check results for regression of variety index. To facilitate com-

parison, we include the baseline results (column 1 & 5). In general, we �nd that the results

are broadly consistent across a range of alternative speci�cations. Consistently, for all speci�-

cations, hot climate has no signi�cant effect on variety index of both the consumption and

production set. These results reinforce our conclusion that decline in variety counts starting
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with removing products with small shares. Thanks to the small share, loss of these products

has no signi�cant impact on variety index of the production set. At the same time, variety

counts imported compensate the variety loss in production. Consequentially, variety index of

total consumption remains unchanged. In addition, we notice the precipitation signi�cantly

increases the variety index of domestic production set across all speci�cations. Again, these

results further con�rm our conclusion that higher precipitation improves the production of

minor products, whose share is below the average, instead of the production of major products.

That is why we see variety index of production set improves while the total variety counts

produced home remain unchanged. Finally, we must acknowledge there is few difference

in the cumulative effects of precipitation on variety index of total consumption set across

alternative speci�cations. For instance, using equal-weighted weather, the cumulative effects

of precipitation on variety index of total consumption at lag 1 becomes weakly signi�cant

at 90% con�dence level. Despite these difference, in general, the precipitation's impact on

variety index of total consumption are consistent across multiply speci�cations, particularly

the immediate effects with no lags. At impact, precipitation has no signi�cant effects on variety

index of total consumption set despite the fact that precipitation signi�cantly increases the

total variety counts consumed. These consistent immediate effects strength our conclusion

that the share increments of the new variety counts is trivial as the income increase from higher

yield brought by more precipitation is small. Therefore, the variety index of total consumption

set remain unchanged in response to higher precipitation.

1.6 Conclusion

Food variety is of great importance to public health, social welfare, and productivity. Unfortu-

nately, as documented in Fisher et al. (2012) and Roberts et al. (2013), climate change has posed

a great challenge to agricultural production, resulting a lower and volatile yield of total output.

The disruption of climate change on agricultural production also likely to affect households'

well-being by a decline in food variety.

In this study, we quantify food variety by two different measures: the variety index con-

structed by HHI and variety counts. These two measures focus on different aspects of variety:

variety index focus on the distribution while variety count highlights the quantity of varieties.

Based on these two variety measures, we identify low-income countries produce and consume

at a signi�cantly lower level of food variety compare to high-income countries.

Based on linear �xed effect econometric models, we con�rm the negative impact of climate

change on food variety as hot temperature signi�cantly reduces variety counts produced

domestically. Fortunately, we also identify several mitigation strategies voluntarily adopted
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by households in response to rising temperature. First, amid the decline in variety counts

produced home, farmer quit producing less important products with small shares, say ginger,

while maintaining the production of important crops, say maize and soybeans. That is why we

don't observe a signi�cant decline in variety index of the production set. Second, households

voluntarily compensate the loss in variety counts produced home by variety import via trade.

Consequentially, the variety index and variety counts of the total consumption set remain

unchanged despite the signi�cant decline in variety counts produced home.

As for precipitation, we see higher precipitation improves variety index of production set

while the total variety counts produced home remain unchanged. To reconcile these results,

we conclude that higher precipitation improves the production of minor products, whose

share is below the average, instead of the production of major products. From the results of

precipitation, we also see the bene�t of trade. The impact of precipitation on variety counts

switching from insigni�cant for the domestic production set to signi�cantly positive for the

total consumption set. Accordingly, variety must be imported to improve the variety counts of

the total consumption set.

The �ndings of this study highlight three signi�cant implications. Firstly, our results endorse

a more compassionate approach to trade and food assistance policies for low-income nations,

as they produce and consume signi�cantly less food variety compared to the global average.

Secondly, our �ndings reaf�rm the adverse effects of increasing temperatures on food variety,

underscoring the importance of environmental regulations in the �ght against global warming.

Lastly, our results advocate for robust and open trade policies, as trade emerges as a crucial

mechanism to counterbalance the decline in food variety caused by hot climates.

While the present study offers valuable insights into the relationship between climate

change and food variety, it is crucial to acknowledge its limitations and discuss potential

avenues for future research. First, our study draws inferences about trade bene�ts by comparing

variety measures between production and consumption sets. A more precise approach would

involve a direct exploration of the variety index and variety counts based on 4-digit or 6-digit

trade data. Therefore, conducting a study that directly examines food variety using trade data

would complement our research effectively. Second, we analyze the effects of climate change on

food variety primarily through its impact on agricultural production. To enhance the external

validity of our �ndings, it would be valuable to investigate how climate change can affect the

variety of food produced and consumed within a country by considering the in�uence of other

industries.

While our �ndings emphasize the positive impact of open trade, it is essential to recognize

the potential adverse consequences of trade that may lead to a reduction in food variety. The

distributional effects of trade, as highlighted by Samuelson in Samuelson (2004), challenge the

25



arguments of mainstream economists who advocate for globalization. Samuelson contends

that if industrialized countries are relatively rich in capital, there will be an increase in capital-

labor inequality in industrialized countries and a decrease in developing countries due to trade.

This distributional effect of trade has garnered support from a growing body of literature on

trade and inequality, as seen in works like Helpman et al. (2016) and Grossman and Helpman

(2018). These studies have consistently shown that inequalities widen both on a global scale

and within individual countries. If such distributional effects indeed exist, it is possible that

trade could lead to even lower food variety in impoverished countries, as engaging in open

trade may further exacerbate their economic challenges. Also, open trade could mean job loss

and lower wage as job opportunities shifting to countries with lower labor cost. Consequentially,

this would impact households' income for food variety.
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Figure 1.1: World map of variety index and variety counts of consumption set

Note: Variety index is multiplied by 100 for graphing purpose. This �gure plots the variety index and variety counts of the total consumption set. Panel (a), (b)
and (c) plot the variety index (1-HHI) of year 1991, 2005 and 2020, respectively. Panel (d), (e) and (f) plot the variety counts of year 1991, 2002 and 2020,
respectively. For variety index legend, purple (orange) area denotes region with value greater (smaller) than 90%. For variety counts legend, purple (orange)
area represents region with counts greater (smaller) than 95.
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Figure 1.2: World map of variety index and variety counts of production set

Note: Variety index is multiplied by 100 for graphing purpose. This �gure plots the variety index and variety counts of the domestic production set. Panel (a),
(b) and (c) plot the variety index (1-HHI) of year 1991, 2005 and 2020, respectively. Panel (d), (e) and (f) plot the variety counts of year 1991, 2002 and 2020,
respectively. For variety index legend, purple (orange) area denotes region with value greater (smaller) than 90%. For variety counts legend, purple (orange)
area represents region with counts greater (smaller) than 70.
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