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Impact of the change in
household dietary patterns on
CO2 emissions in Japan

Sungtae Eun*

Division of Regional Development, Research Institute for Gangwon, Chuncheon-si, South Korea

Japan is a country committed to complying with the international agreement

onmitigating greenhouse gases (GHGs) causing climate change. However, the

2011 Tohoku Earthquake and Tsunami in March 2011 led the country had to

modify the energy and environmental policy to global warming. The 15m of

tsunami occurred from an underwater earthquake hit the east coast where the

nuclear reactors were located. The coolant system failed and the radioactive

materials were spread out into the atmosphere, ocean, and soil. The Japanese

government investigated the level of contaminated materials (iodine, cesium,

etc.) and reassessed the food safety regulations. Simultaneously, consumers’

anxiety about the food system was increasing and their preferences for food

consumption were a�ected by the food safety phenomenon that arose in

connection with the nuclear accident after the natural disaster. Japanese

consumers avoided agricultural and fish products originating from the land

and sea, so the consumption per capita of fish decreased by 11.3% while the

beef consumption increased by 13.7% between 2011 and 2020. As reported

by the Food and Agriculture Organization (FAO), meat and dairy products are

accounted for around 16.5% of global GHGs emissions per year, and there are

di�erences in the emission factors between beef (40.5 kgCO2e/kg) and fish

(7.7 kgCO2e/kg). Per capita meat and fish consumption in Japan a�ected the

GHGs emissions and the study employs the Synthetic Control Method (SCM)

to estimate the impact of a change in dietary patterns on CO2 emissions from

household food consumption. The outcome variable is CO2 emissions from

household food consumption and the intervention period is between 1995 and

2019 (pre-intervention: 1995–2010; post-intervention: 2011–2019). Analyzing

32 countries, placebo studies, leave-one-out, and post-/pre-MSPE ratio are

performed to make the statistical inferences. The results present that there

is a meaningful relationship between the dietary patterns and the increase

in CO2 emissions. Unlike the countries in the control group, Japan shows

a significant increase in CO2 emissions from household food consumption

after the natural disaster. However, the westernization of the diet can be

another long-term factor a�ecting climate change. Therefore, future research

can involve analyzing the impact of CO2 emissions from household food

consumption in multiple treated countries with multiple interventions.
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Introduction

Greenhouse gas (GHG) emissions from agriculture come

from both supply (production) and demand (consumption)

(Yue et al., 2017). Agriculture was involved with 23%

of global anthropogenic GHGs between 2007 and 2016

(Intergovernmental Panel for Climate Change [IPCC], 2021).

On the production side, GHG emissions come from land

use, manufacturing, and the use of fertilizer and pesticides

(Alhashim et al., 2021). For example, the Food and Agricultural

Organization (FAO) of the United Nations (2020) reported that

agricultural factors contributing to emissions in land use are

deforestation (74%), drained organic soils (18%), organic soil

fires (5%), and biomass fires (2%). In addition, Grossi et al.

(2019) indicated that the most important GHGs from animal

agriculture aremethane and nitrous oxide. Thus, the demand for

animal-sourced products needs to be harmonized with strategies

for emission intensity reduction (Gerber et al., 2013; Ritchie,

2019). On the consumption side, a study focused on the end

users (Rogissart et al., 2019) found that dietary design influenced

climate change; another study found that food consumption

accounted for 19% to 29% of the total GHG emissions (Xu

and Jain, 2021). Food consumption is connected with various

environmental factors, so consumers’ food choices, therefore,

represent important environmental decisions (Gonzalez et al.,

2011; Nemecek et al., 2016). Eating behavior accounts for 10%

to 30% of a household’s carbon footprint (Center for Sustainable

System, 2022), and animal-sourced products show a larger

carbon footprint than vegetable-sourced products.

Japan is a country with frequent earthquakes. On March

2011, an earthquake of 9.0 on the Richter scale1 caused a

tsunami that hit the main island, resulting in more than

18,000 casualties (BBC, 2021). The tsunami flooded 561 km2

of land along the Pacific coast of Japan, affected 602,200

residents, and killed 3.5% of the local population (Koshimura

and Shuto, 2015). In the aftermath of this 15-meter tsunami, the

nuclear reactors were disabled by a malfunction of the cooling

system (World Nuclear Association, 2018), and radiation

materials were released into the atmosphere, water, and soil.

After an investigation into the radioactive dispersion, the

Japanese government reviewed the food safety regulations. The

contaminated materials caused farmers and fishermen not to

cultivate or catch agricultural products or fish, since producers

and consumers were afraid of unhealthy foods. The natural

disaster affected the food environment (Hikichi et al., 2019)

since the survivors experienced emotional anxiety and faced

unhealthy agricultural and fish products. They consumed more

alcoholic drinks and fewer vegetables/fruit.

1 Japan Meteorological Agency (JMA) named it “The 2011 o� the

Pacific Coast of Tohoku Earthquake” or “Great East Japan Earthquake

(GEJE) Disaster” by Cabinet decision (Zhang et al., 2019).

Augustin-Jean and Poulain (2019) studied consumer anxiety

generated after disasters, analyzing the milk powder scandal in

China and the nuclear accident in Japan. In the case of the

Fukushima nuclear accident in 2011, the study indicated a lack

of confidence in the agro-industrial system related to food safety.

The Fukushima nuclear accident has triggered much concern

about food safety in Japan and across the world (Prand-Stritzko

and Steinhauser, 2017). Even though Fukushima prefecture

checks the foods against strict safety measures, consumers are

still worried about the food products (Bachev, 2021). The figures

below indicate the annual expenditure of the average household

(Figure 1) and the relative change in non-medical determinants

(Figure 2; Food Agriculture Organization of the United Nations,

2013) in Japan. In Japan, the expenditure on fish decreased by

4.3%, while that on meat consumption increased between 1.4

and 8.3% after the natural disaster. The intake of sugar (10.3%),

fruit (4.3%), vegetables (2.4%), and calories (1.0%) increased in

2011, and the values are much higher than averaged estimates

[Sugar (−1.2%); fruit (−0.3%); vegetable (−1.1%); and calorie

(−0.6%)] between 1995 and 2010.

Food production is a cause of GHG emissions, and the

shift in dietary patterns affects both environment and health

(Aleksandrowicz et al., 2016). The food industry creates 20–30%

of total GHG emissions and livestock meat production plays

a large role in the industry (Sugimoto et al., 2021). Given

that meat production is driven by consumer demand, there is

a need to change dietary patterns (Lucas and Horton, 2019).

To identify how dietary patterns change in Japan, Murakami

et al. (2018) studied three dietary patterns: (1) plant food

and fish, (2) bread and dairy, and (3) animal food and oil.

They examined the national survey data between 2003 and

2015 and found lower consumption of “plant food and fish”

and higher “bread and dairy” and “animal food and oil”

consumption. After the Great East Japan Earthquake (GEJE),

consumers were anxious about purchasing agricultural and

fishery products Baek et al. (2018), since water contaminated

with cesium-134/-137 reached the sea and entered the food

chain (Amagai et al., 2014). Instead, they have consumed

more meat products. The objective of this study is to estimate

the impact of the change in dietary patterns generated by

the contaminated food environment on CO2 emissions from

household food consumption in Japan. Hence, this paper studies

the relationship between dietary patterns and CO2 emissions

and shows the importance of a sustainable environment in

climate change.

Method and data

A causal relationship is established by various statistical

analyses (Butler and Mayer, 2015; Keele, 2015). The synthetic

control method (SCM) has been used to estimate the

impact of an event on various research interests: terrorism
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(Abadie and Gardeazabal, 2003), political action (Bohn et al.,

2014), local construction (Ando, 2015), and disasters (Argyriou

et al., 2013). The SCM analysis functions with a treated unit (or

units) and a control group (Abadie et al., 2012) and involves

constructing a synthetic control unit (Fremeth et al., 2013). The

synthetic control unit depends on the similarity between the

estimates of predictors and the treated unit (Bouttell et al., 2018).

Assuming that there are observable units i = 1, . . . , J and time

t = 1, . . . , T0, T0+ 1, . . . , T, without the loss of generality,

the treated unit is i = 1, and the control unit is i = 2, . . . ,

J; the pre-intervention period is t = 1, . . . , T0, and the post-

intervention period is t = T0+ 1, . . . , T (Abadie et al., 2009,

2010). Let YN
it be the outcome with no intervention, and YI

it

be the outcome with intervention at time t and unit i2. Let Dit

be an indicator that takes the value 1 if unit i is exposed to the

intervention at time t and the value 0 otherwise; the impact of

the intervention is estimated by the YI
it minus YN

it in Equation

(1), that is, αit = YI
it − YN

it in the post-intervention period in

Equation (2).

YI
it = YN

it + αit • Dit (1)

αit = YI
it − YN

it (2)

To construct the optimal synthetic control unit, SCM

requires four vectors (X0, X1, Z0, and Z1) and two weights

(W and V). The four vectors represent the value of predictors

(X0) and the outcome’s value (Z0) of the control unit, and the

predictor’s value (X1) and the outcome’s value (Z1) of the treated

unit. The two weights represent the minimized distance (W)

between the predictors and each control unit’s weights [Equation

(3)], and the minimized distance (V) between the outcomes of

the treated unit and the control unit in the pre-intervention

period that is used to find optimal predictor values [(Equtaion

(4)]. The outer optimization is derived from a minimized mean-

squared prediction error (MSPE) of the outcomes of treated and

control units. Abadie et al. (2010) showed that the optimization

presents asymptotically unbiased estimates of the treated unit.

With four vectors, the effect of the intervention in Equation (5)

on each control unit is estimated with the optimal weights (W
∗

j ).

W∗
=

argmin

W

√

(X1 − X0W)
′
V (X1 − X0W) (3)

V∗
=

argmin

V

(

Z1 − Z0W
∗ (V)

)′ (

Z1 − Z0W
∗ (V)

)

(4)

α̂it = YI
it −

J+1
∑

j=2

W∗
j • Yjt (5)

2 The superscript N above Y indicates the outcome is not exposed to

the intervention, and the superscript I above Y indicates the outcome is

exposed to the intervention.

FIGURE 1

Fish and meat expenditure (1,000 yen/year).

FIGURE 2

Relative change in non-medical determinants.

Data

This study concentrates on the relationship between

dietary patterns and CO2 emissions from household food

consumption. The study uses six statistical figures known

as “non-medical determinants of health” to estimate the

impact of dietary pattern changes in Japan after the natural

disaster: (1) total fat supply (grams/capita/day), (2) total

calorie supply (kilocalories/capita/day), (3) total protein supply
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(grams/capita/day), (4) sugar supply (kilograms/capita/day),

(5) vegetable supply (kilograms/capita/year), and (6) fruit

TABLE 1 Variables description.

Variables Description

Dependent variable CO2 emissions from household food consumption

(1995–2019)

Treated country Japan

Control units (donor pool) 32 countries

Predictorsa • GDP per capita (based on PPP, current USD)

• GDP growth rate

• Population ratio (15–64 years and over 65 years)

• Detailed ratios of employmentb

• Non-medical determinantsc

Intervention year Year of the Great East Japan Earthquake (Year of

2011)

Source: OECD, UNFCCC, CDIAC, and department of labor in each countryd .
aAveraged value over the pre-intervention period.
bEmployment sectors include agriculture, mining and quarrying, construction,

manufacture, utility, services.
cNon-medical determinants include total fat supply, total calorie supply, total protein

supply, sugar supply, vegetable supply, and fruit supply.
dThe data is from the Carbon Dioxide Information Analysis Center (CDIAC), the

Climate Analysis Indicator Tool (CAIT), and the statistical agencies of each country.

Non-medical determinants are from the Food and Agriculture Organization of the

United Nations (FAO) and the OECD.

supply (kilograms/capita/year)3. The data on non-medical

determinants of health are from OECD.Stat and the predictors

are the employment ratio of industrial sectors, population ratio,

gross domestic product (GDP) per capita, and GDP growth rate

originated from OECD and Eurostat.

In the study, the treated unit is Japan, and the control

unit includes 32 countries, consisting of 26 from the OECD,

and six from the United Nations Framework Convention

on Climate Change (UNFCCC). The type of intervention is

the change of dietary patterns after the natural disaster. The

response variable is the CO2 emissions from household food

consumption (MtCO2e) generated by the Emissions Database

of Global Atmospheric Research (EDGAR). The EDGAR is

used to assist researchers in understanding the emissions related

to the production, distribution, consumption, and disposal

of food in the food system (Crippa et al., 2021). When

the food is processed in a household, the food products of

fisheries have lower CO2 emissions than beef, pork, and poultry

(Petsko, 2021; Wolfson et al., 2021). The intervention period

is between 1995 and 2019 (pre-intervention: 1995–2010 and

post-intervention: 2011–2019). The predictors are employment

3 The intake of nutrition a�ects CO2 emissions (fruit: 4.6, vegetable:

2.8, sugar: 0.6, beef: 14.1, oil: 0.8, and drink: 2.2 gCO2e/kcal) (Food and

Agricultural Organization (FAO) of the United Nations, 2021).

TABLE 2 Characteristics in the pre-intervention.

Japan Synthetic Japan

CO2 emissions from household food consumption (MtCO2e)
a 35.91 35.76

Employment ratio (%)b Agriculture and fishery 4.46 7.48

Mining 0.06 0.38

Manufacture 18.36 13.87

Utilitiesc 0.53 3.72

Construction 9.15 8.41

Servicesd 66.38 66.12

Non-medical determinantse Total fat supply (g/capita/day) 88.61 125.27

Total calories supply (kcal/capita/day) 2,841.44 3,476.03

Total protein supply (g/capita/day) 93.62 109.70

Sugar supply (kg/capita/year) 29.29 55.28

Vegetable supply (kg/capita/year) 108.46 112.54

Fruits supply (kg/capita/year) 53.79 94.78

Population(%)f 15–64 years old 66.89 66.59

Over 65 years old 18.81 12.91

GDP per capita ($1,000) 28.04 28.47

GDP growth (%)g 0.89 3.35

Source: Calculation by the author.
a CO2 emission from household food consumption (MtCO2e), average between 1995 and 2010.
b Percentage of employed person over total employed population, average between 2002 and 2007.
c Utility includes water, gas, and electricity.
d Services include entertainment, food and beverage, real estate, technical service, and life-related.
e Each item has its own unit (yearly or daily consumption), average between 1995 and 2010.
f Percentage of population over total population, average between 1995 and 2010.
g Percentage change of GDP (annually), average between 1995 and 2010.
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TABLE 3 Weight for each control unit.

Country Synthetic control Regression weight Country Synthetic control Regression weight

Australia 0.000 −0.04 Slovak Republic 0.000 −0.10

Austria 0.000 −0.50 Slovenia 0.000 0.03

Chile 0.000 0.14 Sweden 0.000 0.33

Czech Republic 0.000 −0.21 Turkey 0.000 0.16

Germany 0.000 0.69 United Kingdom 0.000 0.07

Greece 0.000 −0.19 United States 0.549 −0.03

Hungary 0.000 −0.16 Brazil 0.000 −0.02

Iceland 0.000 −0.10 Colombia 0.000 −0.30

Israel 0.000 −0.31 Costa Rica 0.000 −0.38

Italy 0.000 0.26 Russia 0.000 0.41

Mexico 0.044 0.52 Lithuania 0.360 0.21

The Netherlands 0.000 0.19 Croatia 0.000 0.05

New Zealand 0.000 0.17 Bulgaria 0.000 0.14

Norway 0.000 −0.15 Cyprus 0.047 0.40

Poland 0.000 −0.34 Romania 0.000 −0.08

Portugal 0.000 0.16 Latvia 0.000 0.00

Source: Computation from the data by SCM.

ratio of industrial sectors, population ratio, gross domestic

product (GDP) per capita, GDP growth rate, and non-medical

determinants in Table 1 (OECD Statistics, 2016a,b,c).

Result

This study defines the CO2 emissions from household

food consumption as a response variable and 16 explanatory

variables are selected to construct the synthetic control unit.

This construction is a step toward building a synthetic Japan

that has not been exposed to natural disaster. Then, synthetic

Japan is compared with actual Japan. Table 2 presents estimates

about the similarity of predictors in the pre-intervention period

of Japan and synthetic Japan4. The closer the estimates between

Japan and synthetic Japan are, the better the estimation results of

the study will be. Table 3 shows the weights/regression weights

of each country for constructing the synthetic control unit5.

The percentages in the parentheses indicate the contribution

to establishing the optimum synthetic unit: Mexico (4.4%),

the United States (54.9%), Lithuania (36.0%), and Cyprus

(4.7%). This combination of weighted countries contributes to

the construction of the optimal synthetic control unit in the

4 There are variables showing di�erences between Japan and synthetic

Japan. This is because Japan’s consumptions aremoderate relative to the

countries in the control unit, and it implies there is no linear combination

of countries (Chelwa et al., 2015) that implies synthetic Japan is not

perfectly produced.

5 The results are from R-Package and the codes are modified in this

study (Becker et al., 2016).

FIGURE 3

CO2 emissions from household food consumption (Japan and

Synthetic Japan).

pre-intervention period. The regression weights of the linear

combination of untreated units bring a synthetic control unit.

The graphical results of Figures 3, 4 present how the change in

dietary patterns influenced the increase of CO2 emissions from

household food consumption after the natural disaster.

Figure 3 indicates CO2 emissions from household food

consumption in Japan and synthetic Japan between 1995 and

2019. The trajectory of synthetic Japan’s CO2 emissions from
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FIGURE 4

Gaps in CO2 emissions household food consumption of Japan.

FIGURE 5

Placebo studies (all control countries).

household food consumption closely follows Japan’s emissions

for the pre-intervention period. Thus, the CO2 emissions

from household food consumption began to go in different

directions in 2011. The nuclear accident triggered consumers’

anxiety about food products. Thus, the two trajectory lines

were not on the same path in the post-intervention period.

The divergence between Japan and synthetic Japan indicates

that there was an impact affecting the CO2 emissions from

household food consumption after the intervention. Moreover,

FIGURE 6

Placebo studies (31 control countries).

FIGURE 7

Placebo studies (30 control countries).

Figure 3 indicates whether the natural disaster that prompted

the intervention impacted the CO2 emissions from household

food consumption. Figure 4 presents the gaps in the CO2

emissions from household food consumption between real Japan

and synthetic Japan. The gap indicates the impact of the change

in the dietary pattern after the natural disaster. The difference in

the pre-intervention is between±1%, but it shows the deviation

after the natural disaster.
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FIGURE 8

Placebo studies (28 control countries).

FIGURE 9

Leave-one-out distribution.

Placebo studies

For employing the SCM, statistical inference is critical, and

Abadie and Gardeazabal (2003) introduced some tests to be

applied to evaluate the significance. The placebo studies were

performed by employing the SCM in each country in the control

unit. The significance of the intervention could not be ensured

if the gaps show a distinct magnitude between the tested unit

and the synthetic tested unit (Abadie and Gardeazabal, 2003).

FIGURE 10

Post-/pre-period MSPE ratio.

With all 32 countries in the control unit, the placebo tests

were conducted (Figure 5). For CO2 emissions from household

food consumption, the test presents a good fit and other

tests present the worst fit, indicating a distant MSPE. For

example, the United States shows an MSPE of 1,019.51, since

the country emitted the highest CO2 emissions from household

food consumption in the pre-intervention period. Therefore,

in the pre-intervention, synthetic Japan does not show a good

fit for CO2 emissions from household food consumption, and

it affects CO2 emissions in the post-intervention. Hence, the

United States needs to be discarded for a much higher MSPE

compared to the rest of the control unit.

Figure 6 shows the placebo tests that exclude countries

showing an MSPE 20 times higher than that of the treated unit

(Japan). The United States is excluded (Figure 6), but there are

still substantial deviations from zero. Figures 7, 8 show that one

country with five times higher MSPE and two countries with

one times higher MSPE discarded. After the exclusion through

Figures 6–8, there were 28 unaffected units presenting positive

effects on CO2 emissions from household food consumption.

Thus, this study reported that the probability of a random

permutation of the event is 1/28 = 0.036, which indicates a 96%

statistical significance in the analysis.6 Moreover, there is the

leave-one-out test (Figure 9) which estimates the sensitivity of

the results. The optimal W∗ from the process is to minimize

6 The statistical inference indicates the statistical significance of the

proximity of the synthetic control unit to the treated unit. After excluding

one times higher MSPE than Japan, Figure 9 shows 28 una�ected units.

The proximity of the synthetic control unit to the treated unit has a

probability of 1/28 (0.036) and shows a 96% significance of proximity.
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TABLE 4 MSPE/RMSPE ratio (post- to pre-intervention).

Country MSPE ratio RMSPE ratio Country MSPE ratio RMSPE ratio

(post/pre) (post/pre) (post/pre) (post/pre)

Japan 45.88 6.77 Sweden 3.26 1.81

Germany 24.07 4.91 Hungary 2.22 1.49

Romania 23.62 4.86 Costa Rica 2.21 1.48

Greece 22.60 4.75 New Zealand 2.09 1.44

United Kingdom 20.67 4.55 Czech Republic 1.69 1.30

Israel 18.53 4.31 Austria 1.58 1.26

Chile 15.75 3.97 Colombia 1.57 1.25

Slovak Republic 9.79 3.13 Bulgaria 1.38 1.17

The Netherlands 9.39 3.06 Italy 1.21 1.10

Norway 7.85 2.80 Iceland 1.08 1.04

Mexico 6.89 2.62 Slovenia 0.98 0.99

Russia 6.62 2.57 United States 0.96 1.98

Croatia 5.49 2.34 Portugal 0.91 0.95

Turkey 5.24 2.29 Australia 0.43 0.66

Lithuania 5.13 2.27 Poland 0.38 0.62

Brazil 4.95 2.23 Cyprus 0.23 0.48

Latvia 4.81 2.19

Source: MSCMT.

the distance between Japan and synthetic Japan in the pre-

intervention period (Abadie et al., 2012). The test was originally

applied with the units being given positive weights. In this study,

Mexico, the United States, Lithuania, and Cyprus are tested with

synthetic Japan by leaving out each country one at a time.

The gray lines of synthetic Japan with one of the four

countries left out are reproduced and they are close to each

other. There are gaps between actual Japan and eight gray

lines, implying that the model is robust to the exclusion

of any particular country (Gong and Rao, 2016). Last, the

ratio of the post- to pre-intervention period MSPE of all

33 units (1 treated and 32 control units) is presented in

Figure 10. The ratio of Japan stands out and the post-natural

disaster MSPE is 45.88 times the pre-natural disaster MSPE.

The second-highest ratio is 24.07 in Germany, which shows

the ratio of Japan to be 191% bigger than that of Germany.

The probability of obtaining such a large ratio as Japan is

1/32 = 0.031 (3.1%) when any country randomly experiences

the intervention. Table 4 presented the ratio of post- to pre-

intervention MSPE and root mean squared prediction error

(RMSPE)7. Empirically, the researcher can assess the goodness

of fit by estimating MSPE or RMSPE; it is a general principle

that the ratio showing the largest value shows that there is

an impact of the intervention. Both indicative ratios of Japan

are far from the rest of the countries. Therefore, there is a

7 RMSPE is the rooted value of MEPE.

substantial event affecting the CO2 emissions from household

food consumption.

Conclusion and discussion

Dietary behaviors can be influenced by various factors

from socioeconomic status, culture, demographics, and lifestyle

(Czarnocinska et al., 2020), and Grosso et al. (2020) asserted that

dietary choices link environmental sustainability and human

health. The 2011 Great East Japan Earthquake (GEJE) caused

a nuclear meltdown that affected consumers’ determinants of

dietary intake and behavior in Japan. For example, Tobler

et al. (2011) studied how consumers decide to consume more

ecological food (environmental decisions). They analyzed how

external circumstances and food-related features influenced

meat consumption. In the case of Japan, after the natural

disaster, consumers were anxious about the safety of food

products originating from their seas. The consumption per

capita of fish products decreased by 11.3% while beef

consumption increased by 13.7% between 2011 and 2020 (Food

and Agricultural Organization (FAO) of the United Nations,

2022); therefore, the imports of meat (20.7%), sheep (25.4%),

and poultry (49.5%) increased (United Nations [UN] Comtrade

Database, 2022). Scarborough et al. (2014) demonstrated

that animal-sourced foods present higher energy use and

GHG emissions than plant-sourced foods, and even among

animal-sourced foods, beef emits higher GHG emissions than

fish (Barthelmie, 2022), thus motivating the analysis of the

Frontiers in Environmental Economics 08 frontiersin.org

https://doi.org/10.3389/frevc.2022.1010117
https://www.frontiersin.org/journals/environmental-economics
https://www.frontiersin.org


Eun 10.3389/frevc.2022.1010117

relationship between CO2 emissions per capita and the change

in dietary patterns.

The aim of the present study is to determine the relationship

between the change in dietary patterns and CO2 emissions

from household food consumption in Japan after the GEJE

by employing the synthetic control method (SCM). The core

of applying the method is to create the synthetic control unit

which is constructed from control units. The unit is used to

analyze how much impact the change in dietary patterns has

on CO2 emissions. By performing the estimation with the

treated (Japan) and the control units (32 countries), this study

demonstrated that two trajectory lines (Japan and synthetic

Japan) are on a similar path and diverged after the time of

the event. The gaps between the two trajectory lines also

indicate the impact of the change in dietary patterns on the

CO2 emissions from household food consumption. SCM is a

useful tool for the estimation with limited data; however, it

can cause sensitivity and robustness problems8. The selection of

predictors is crucial for reliable results. The predictor indicating

dissimilarity creates an unexpected shock with an insignificant

conclusion. To support statistical inference to the relationship

between the change of dietary patterns and CO2 emissions

from household food consumption, this study works with

placebo studies, a leave-one-out test, and the post- to pre-MSPE

ratio. The graphical results presented prove that the divergent

trajectory lines are due to the intake and consumption behavior.

The graphical results and statistical inferences presented

here demonstrate the connection between the change in dietary

patterns and CO2 emissions from household food consumption.

With placebo studies, the study eliminates the countries showing

a higher MSPE than Japan except the ones presenting positive

effects on CO2 emissions. The leave-one-out test shows the

sensitivity of the result by reproducing the four countries

participating in constructing the synthetic control unit as being

exposed to a natural disaster. Then, the post-/pre-MSPE ratio

presents that the ratio of Japan is 191% bigger than the

second-largest country, which indicates that natural disaster has

a bigger impact on Japan than any other country. However,

there is also an implication that should be considered. This study

aimed to show that the change in dietary patterns caused the

increase of CO2 emissions from household food consumption

8 There is a study applying 13 control units (Gong and Rao, 2016).

after the natural disaster. However, the westernization of

the diet can be another long-term factor affecting climate

change. Therefore, future research can involve analyzing the

impact of CO2 emissions from household food consumption

in multiple treated countries with multiple interventions. This

study employed the change of dietary patterns caused by the

nuclear accident after the GEJE as an intervention, but there

might also be a political action that prohibited the consumption

of seafood. Additionally, such future research could estimate

the unintended impact of the intervention. South Korea was

not directly affected by the natural disaster, but the country

was concerned about nuclear reactors. The direct (Japan) and

indirect impacts (South Korea) of the natural disaster on CO2

emissions are worth exploring.
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