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Abstract

Remote working, or Work-From-Home (WFH), is now one of the prevalent work

arrangement around the world. However, its impact on the social welfare—such as

waste generation—is largely unexplored. This paper examines the causal impact of

remote working on household waste generation in South Korea using COVID-19 as a

natural experiment. The findings reveal mixed results. While overall household waste

in district remain unaffected, districts with higher WFH levels experience increased

plastic and textile waste but decreased food waste. These results suggest that remote

working may influence current consumption patterns and lifestyle. Understanding

these environmental implications is crucial for promoting sustainable work models

and responsible waste management in a digital and remote world.
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1 Introduction

Remote working, also known as Work-From-Home (WFH), refers to work arrangement
wherein employees perform their job responsibilities remotely, away from traditional of-
fice spaces. In recent years, remote working has emerged as a novel form of flexible work
arrangement driven by advancements in technology (Bloom et al., 2021). In fact, remote
working has experienced a notable increase in numbers. For instance, remote working
rates in the U.S. grew rapidly from 0.4% in 1965 to 4% in 2016 (Barrero et al., 2023). This
surge of remote working is not a limited trend in the U.S. The rising trend of remote
working was further accelerated worldwide by the onset of the COVID-19 pandemic
(Criscuolo et al., 2021; Aksoy et al., 2022). Ever since the start of the COVID-19 pandemic,
about 25 to 50% of workers around the world reported that they are working remotely
(Galasso and Foucault, 2020; Brynjolfsson et al., 2020). Considering the effect of the pan-
demic on the job reallocation and global investments on skills and technologies support-
ing remote working, it is highly probable that remote working will stick as a prevalent
mode of work style across various industries (Barrero et al., 2021).

With the increasing prominence of remote working, numerous studies have been con-
ducted to explore the impact of this work arrangement on the labor market and produc-
tivity. In recent literature, impacts of remote working seem to be mixed. Some papers
point out the multifaceted benefits of remote working: it reduces commuting time, re-
stores work-life balance, increases autonomy for employees, and saves costs by reducing
office spaces (Pabilonia and Vernon, 2022; Frazis, 2020). On the other hand, some stud-
ies show that overall impacts of remote working environment were less positive and can
even be detrimental to workers’ productivity and performance (Hackney et al., 2022).

However, the impact of remote working on overall social welfare remains largely un-
explored. Notably, remote work provides a unique setting to examine a broader economic
issue: household waste generation. As waste production continues to pose environmen-
tal and economic challenges, policymakers have introduced measures such as collection
charges, recycling incentives, and environmental taxes to promote sustainable disposal.
From this perspective, understanding the economic drivers of household waste behavior
is essential for designing effective policies.

Economists have long analyzed optimal waste management by modeling household
decision-making. For example, Choe and Fraser (1999) develop a framework showing
how policies like collection charges, illegal dumping penalties, and firm-level waste tax-
ation influence household disposal behavior. Their findings emphasize that waste man-
agement policies must consider household incentives, as decisions depend not only on
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direct costs but also on factors such as convenience and lifestyle changes. This highlights
the importance of studying how household behavior evolves in response to economic and
social shifts.

This is where remote working becomes particularly relevant. One of the most fun-
damental shifts influencing household waste behavior is the changing nature of work
arrangements. Work schedules determine how often individuals spend time at home,
shaping consumption patterns, meal preparation habits, and, ultimately, household waste
generation. Among recent structural transformations, the rise of remote working (Work-
From-Home, WFH) represents a particularly significant shift that could have major impli-
cations for household waste production. While remote work has been widely studied in
terms of its effects on labor markets, productivity, and migration (Bloom et al., 2021; Bar-
rero et al., 2023), its impact on household waste patterns and environmental externalities
remains largely unexplored.

This paper aims to fill this gap by analyzing how remote working affects house-
hold waste generation. By constructing WFH measures for each district à la Dingel and
Neiman (2020) and using COVID-19 as an exogenous shock, we examine the causal im-
pact of remote working on regional waste in South Korea. Our findings suggest that while
aggregate household waste remains largely unchanged, remote working significantly al-
ters the composition of waste, leading to increased plastic and textile waste but reduced
food waste. These results provide new insights into the intersection of labor economics
and environmental economics, emphasizing that work arrangements play a key role in
shaping household consumption and disposal patterns.

The findings of the paper are manifold. The results reveal that while the overall amount
of waste per household is not significantly affected by the district level of remote working
eligibility, remote working eligibility has significant effects on specific types of waste. The
results show that districts with higher levels of remote working eligibility experience an
increase in plastic and textile waste but a decrease in food waste.

Section 2 explains the data and construction of WFH measures used in the analysis.
Sections 3 and 4 provide an empirical strategy and the results of the paper. Section 5
shows the robustness of the main results. Section 6 concludes.

2 Data

South Korea consists of eight metropolitan cities (with Seoul being the largest) and nine
provinces. These metropolitan cities and the cities within the provinces are composed of
administrative subdivisions known as “si-gun-gu.” In the paper, we primarily focus on
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these si-gun-gu regions, which we will refer to as “districts.” Despite the presence of 229
districts in South Korea, we will consider 162 units for our analysis, as WFH measure
data are aggregated for the seven metropolitan cities. Hence, a metropolitan city such as
Seoul will be considered as one unit.1 To summarize, we use 162 districts from years 2016
to 2021 in the analysis.2

For the outcome variable, we use the National Waste Generation and Disposal Status
(NWGDS) data from the Ministry of Environment. The NWGDS data provide annual in-
formation on household waste generation and disposal volume by district. Furthermore,
as the data provide various types of waste (trash, food waste, plastic waste, etc.), we use
them to check varying effects of remote working depending on the type of waste. Table 1
displays the summary statistics for the NWGDS data.

Table 1: Summary statistics: Average volume of waste by district (in ton)

Year Obs All waste Trash Food Plastic Textile Metal Can

2016 162 102426.00 43946.45 30511.30 5008.61 362.29 3682.66 1546.74
2017 162 101408.90 44297.48 30195.41 5443.68 401.50 3195.55 1437.69
2018 162 105330.20 45875.09 30101.01 5986.45 409.38 2767.01 1328.87
2019 162 103462.50 47251.69 29603.18 5870.33 320.60 2284.09 891.19
2020 162 106811.00 49641.76 28829.50 7152.84 508.78 1641.28 822.71
2021 162 103403.20 50295.10 27626.90 7155.61 730.77 905.30 568.64
Notes. Trash refers to waste that is not categorized as recyclable. As we do not use all types of
waste provided by the NWGDS data due to measurement issues in certain categories, Trash,
Food, Plastic, Textile, Metal, and Can waste do not sum up to the aggregate waste volume.

In order to construct a WFH measure for each district, we need data on eligibility (in
%) for remote working by occupation category and proportion of occupations for each
district. In the case of the former, we follow Choi (2020) which calculated WFH feasibility
(in %) by occupation (KSCO 1-digit)3 in South Korea using a methodology from Din-
gel and Neiman (2020). Dingel and Neiman (2020) calculated the WFH feasibility ratio
for each occupation in the U.S. Standard Occupational Classification (SOC 6-digit) based
on 17 questions related to the eligibility of remote working from the ONET survey. To
be more specific, Dingel and Neiman (2020) assumes that occupations with a high pro-
portion of field work, high need for equipment and device utilization, or significant direct

1This has an advantage as the results will not be mainly due to variations within large metropolitan
cities such as Seoul.

2We only used the year up to 2021 as our main data for the year 2022 is not yet available. We use data
after 2016 to avoid potential bias in results caused by government policies concerning waste in the early
2010s.

3Korea Standard Classification of Occupations, known as KSCO, is South Korea’s classification of occu-
pations which is similar to International Standard Classification of Occupations (ISCO).
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interaction with the public during job performance are less likely to transition into remote
work. Using this assumption, the eligibility for remote working is measured (assigned a
value of 0 if remote working is unlikely and 1 if remote working is possible) for each
specific occupation. Then the results are aggregated at the SOC 6-digit level using em-
ployment weights. Choi (2020) follows this methodology and constructs WFH feasibility
by Korean Standard Occupational Classification (KSCO) 1-digit level using the 2017 Ko-
rean Working Conditions Survey (KWCS). In our analysis, we follow Dingel and Neiman
(2020) and Choi (2020) to construct WFH feasibility by 2-digit level to gain a finer measure
for WFH eligibility.4 We provide the table of WFH eligibility by occupation (KSCO 1- and
2-digit) in the appendix.

For data on proportion of occupations in each district, we use the Local Area Labour
Force Survey (LALFS). The LALFS is a biannual survey conducted by the Ministry of
Statistics in South Korea. The survey collects data from a representative sample of ap-
proximately 200,000 households, focusing on household members who are 15 years of
age or older. Each wave of the survey involves approximately 400,000 respondents. The
primary focus of the survey is the economic activity of the participants, specifically vari-
ables related to their employment status. Additionally, it includes socio-demographic in-
formation of the respondents, such as age, gender, education level, income, and place of
residence. As the survey provides an individual’s occupation type based on KSCO, we
use it to calculate the proportion of occupation categories for each district.

Combining these two data, we construct a WFH measure for each district (WFHi).5

The construction of the WFH measure is given as follows:

WFHi =
∑
j

Workij
Worki

·WFHj, (1)

where i and j denote district and occupation, respectively. WFHj is the WFH measure of
occupation j. Worki denotes the total number of workers in district i and Workij denotes
the total number of workers in occupation j in district i. By construction, the measure
ranges from 0 to 1. In the analysis, we use the WFH measure for the year 2019, which is
just before the onset of COVID-19 in 2020. However, the baseline results remain similar
even if we use the measure from other available years.

Figure 1 plots the distribution of the WFH measure (by quantile) in 2019 by district

4Note that our results are similar even if we use a rougher 1-digit level.
5Dingel and Neiman (2020) and Choi (2020) also provide a WFH measure by industry classification.

Even though we do not use it as our main explanatory variable, we use it as a control variable to account
for the effect of industry composition.
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in South Korea. Figure 1 illustrates that the WFH measure is not spatially uniform. The
uneven distribution demonstrates that remote working is more pervasive in certain areas.
We also provide distribution of the WFH measure across district by year in the appendix.
We can easily see in Figure A.1 that the distribution of WFH measure is fairly consistent
over the years.

Figure 1: WFH measure by district (2019)

We also use data from the Ministry of Statistics and Ministry of the Interior and Safety
to secure various control variables (mean age, proportion of the population under the age
of 30, initial population in 2016, etc.) for each district.

Finally, we conducted a survey “Yonsei-Yongwoon Daily Time Use Survey” in July
2022 in Korea, involving 3,000 individuals (representative sample of South Korea) with
the assistance of a survey company. This survey provides us with insights into how peo-
ple manage their time, taking into account different family types or work statuses. To be
more specific, the survey provides information on how people allocate their time across
various daily activities, such as housework, work, sleep, personal study, and more. The
strength of this survey is that it also includes a variable on whether people work from
home. Using this variable and people’s responses on daily time use, we evaluate if the
characteristics of remote workers in South Korea are aligned with the general character-
istics of remote workers documented in previous literature. Furthermore, we employ this
survey to investigate potential underlying factors that might have driven our primary
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findings in Section 4.

3 Empirical strategy

In order to estimate the causal effect of remote working on regional waste, we employ the
following Difference-in-Differences (DiD) equation:

yit
Hi,2016

= α + βPostt ×WFHi + γX ′
it + δd + δt + δdYt + εit, (2)

where the dependent variable yit
Hi,2016

denotes waste per household. yit corresponds to the
amount of waste (by ton) and Hi,2016 is the total number of households in the initial pe-
riod (2016) in district i. Standardizing the dependent variable by the initial number of
households removes the inherent specification bias caused by scale effects (Peri and Spar-
ber, 2011).6 Postt is a dummy variable that captures the onset of the exogenous COVID-19
shock in 2020. It becomes one when the year t is 2020 and 2021, and zero otherwise.
WFHi is the WFH measure that accounts for the district i’s proportion of workers eligible
for remote working. Xit indicates region-specific control variables such as initial popu-
lation, mean age, district’s industrial characteristics, population proportion of people in
their 30s or younger, average income, GRDP, and sex ratio. Lastly, δdYt denotes location-
specific time trends while δt and δd denote year fixed effect and location fixed effects, re-
spectively. As we are comparing changes between districts in South Korea, our results can
be biased if there are some varying trends across regions. Hence, we add location-specific
time trends to account for these heterogeneous trends that could affect our results. For
location-specific time trends and location fixed effects, we employ Travel-to-Working Ar-
eas given by Lee and Lee (2015). This is similar to the idea of commuting zones in the U.S.
Districts in South Korea are grouped into 34 regions.

The coefficient of interest is β as it captures the causal effect of the level of the WFH
measure on household waste, using COVID-19 as an exogenous shock. Throughout the
paper, the results will show the estimation results of the coefficient.

4 Results

Table 2 shows the estimates of the DiD coefficient in Equation 2. The outcome variables
are various types of waste per household. The dependent variables include all waste,

6Note that dividing yit by initial population instead of households gives similar results. Also, dividing
yit by yearly population or yearly households gives similar results. This is elaborated in Section 5.
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trash, food, plastic, textile, metal and can waste (in ton) per household. Table 2 shows that
variations in the WFH measure did not significantly affect the amount of aggregate waste
per household. This suggests that the proportion of remote working in a district may not
have a statistically significant effect on the amount of aggregate waste per household.

However, Table 2 shows that remote working significantly affected the amount of
food, plastic, and textile waste. Notably, a higher level of WFH measure in a district causes
an increase in plastic and textile waste. For example, a one-unit increase in the WFH mea-
sure raises plastic and textile waste by 0.031 and 0.01 tons per households, respectively.
This imply that remote working environment may contribute to increased consumption
and disposal of plastic and textile products. This finding suggests that WFH arrange-
ments may lead to changes in consumer behavior and lifestyle, potentially resulting in
increased waste generation in these categories.

Table 2: Main results

(1) (2) (3) (4) (5) (6) (7)
Dependent Variable All Waste Trash Food Plastic Textile Metal Can

Post×WFH −0.039 0.061 −0.110∗∗ 0.031∗∗ 0.010∗∗∗ −0.006 −0.010
(0.128) (0.101) (0.051) (0.014) (0.004) (0.025) (0.011)

Adjusted R2 0.481 0.434 0.475 0.340 0.141 0.307 0.256
N 972 972 972 972 972 972 972

Notes. Standard errors in parentheses are clustered at the district (N = 162) level.
∗∗∗ p < 0.01; ∗∗ p < 0.05 ; ∗ p < 0.10.

Interestingly, while districts with a higher level of WFH measure experienced an in-
crease in plastic and textile waste, food waste decreased in those areas. This could be
attributed to reduced food consumption outside the home, as individuals have more flex-
ibility to prepare meals at home while working remotely (Restrepo and Zeballos, 2020).
Thus, the decline in food waste may indicate a positive environmental outcome associ-
ated with WFH arrangements. Also, previous literature points out that remote working
leads to heavier workload and lunch disruption (Wu and Chen, 2020, Skynova, 2021).
Hence, reduced food waste may be due to the disruption of food consumption in the
remote working environment.

We further use “Yonsei-Yongwoon Daily Time Use Survey” to support our conjectures.
Figure 2 shows the t-test results comparing WFH individuals and non-WFH individuals
and plots the coefficients with 90 percent confidence intervals. The coefficient bars in-
dicate the effect of WFH on daily time-use patterns. First, the figure shows that daily
time use patterns of remote workers in South Korea seem to be aligned with the general
characteristics of remote workers in past literature (Pabilonia and Vernon, 2022; Frazis,
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Figure 2: Effect of WFH on Daily Time Management (per minute)

Notes: This figure plots the estimated coefficient on the effect of WFH on daily time use. The 90 percent
confidence intervals are calculated with standard errors clustered at the regional (Si-do) level.

2020). For instance, the data indicate that remote workers allocate more time to personal
care activities. Particularly, there is a great reduction of time spent on commute. These
patterns imply that remote workers in South Korea follow similar patterns mentioned
in past literature. This suggests that remote working increases autonomy and personal
time for employees due to the flexibility in the work arrangement. Considering the fact
that increased activity in the home leads to greater home consumption, this could be a
contributing factor to the rise in plastic waste generation among remote workers. Our
data also reveal that, on average, remote workers tend to do more side-work than non-
remote workers. This could indicate that the remote working arrangement is leading to
additional workload for the workers, as reported in previous literature. Thus, this could
possibly explain the significantly lower level of food waste in our main analysis.

Still, our DiD regression results might be due to some pre-existing trends before the
treatment period. Hence, we also plot event study coefficients, including leads and lags
of the treatment to test whether the parallel trend assumption holds.7 The equation for
plotting the event study is as follows:

yit
Hi,2016

= α +
∑

r ̸=2019

(βr1{r = t} ×WFHi) + γX ′
it + δd + δt + δdYt + εit. (3)

Figure 3 plots the DiD coefficient and its 90 percent confidence intervals. As shown in
the figure, the point estimates are not statistically significant until after 2020. This pattern
aligns with the parallel trends assumption that underlies our DiD analysis, providing

7Note that we only plot the outcomes that are statistically significant (food, plastic, and textile waste).
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Figure 3: Estimated 90% confidence interval for DiD coefficients

additional support for the empirical findings of the paper.

5 Robustness checks

As our data are aggregated on an annual basis, it is unlikely that the results of the pa-
per are severely affected by the regional variations of the COVID-19 intensity. The main

9



results indirectly control for this possibility by adding the initial district population as
a control variable since the number of COVID-19 patients is proportional to the district
population. To further control for possible regional differences, we re-estimate the analy-
sis by excluding Seoul, Daegu, and Gyeongsangbuk-do. This is because there was a no-
ticeable surge of COVID-19 cases in these regions during 2020. Hence, the main results
could be biased if our results are mainly due to the effect in these areas. Table 3 shows
the result without these regions. Table 3 clearly shows that the results are similar to the
main regression results. Thus, the main results of this paper are not driven by possible
regional differences. Additionally, we add the share of total number of COVID-19 pa-
tients (year 2020) by initial period population in each province to our baseline estimation
to further control for the possibility of regional differences due to COVID-19 intensity.8

Table 4 shows that our results are not particularly sensitive to the regional difference in
COVID-19 intensity.

Table 3: Regression results with excluded regions (Seoul, Daegu, Gyeongsangbuk-do)

(1) (2) (3) (4)
Dependent Variable All Waste Food Plastic Textile

Post×WFH −0.046 −0.111∗ 0.033∗∗ 0.011∗∗∗

(0.141) (0.058) (0.016) (0.004)

Adjusted R2 0.517 0.487 0.324 0.134
N 822 822 822 822

Notes. Standard errors in parentheses are clustered at the district (N = 137)
level. ∗∗∗ p < 0.01; ∗∗ p < 0.05 ; ∗ p < 0.10.

In order to show that our baseline results are not sensitive to the change in the con-
struction of the WFH measure, we also rerun our estimation employing a rougher mea-
sure with 1-digit KSCO occupation level. Table 5 shows that the results are similar to the
main regression results. Thus the main results of this paper are not particularly sensitive
to the construction of the WFH measure.

As the results can be affected by possible spillovers across local labor markets, we
re-estimate the result using 17 region fixed effect (including 8 metropolitan cities and
nine provinces). Table 6 clearly shows that the results are similar to the main regression

8Due to data limit, we do not have a finer unit of data for the number of COVID-19 patients than the nine
province level. However, our robustness checks using the number of COVID-19 patients in each province
and excluding COVID-19 intensive regions show credible evidence that our results are not mainly driven
by regional differences. As COVID-19 soon became a common shock across all regions in South Korea,
it is likely that the regional difference due to COVID-19 intensity does not vary greatly between small
administrative units. We utilized data from COVID-19 patients throughout the year 2020, primarily due to
the presence of regional fluctuations in the number of COVID-19 cases up until June 2020.
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Table 4: Regression results with number of COVID-19 patients

(1) (2) (3) (4)
Dependent Variable All Waste Food Plastic Textile

Post×WFH −0.054 −0.113∗∗ 0.033∗∗ 0.011∗∗∗

(0.132) (0.051) (0.014) (0.004)

Adjusted R2 0.483 0.475 0.345 0.140
N 972 972 972 972

Notes. Standard errors in parentheses are clustered at the district (N = 162)
level. ∗∗∗ p < 0.01; ∗∗ p < 0.05 ; ∗ p < 0.10.

Table 5: Regression results using KSCO occupation 1-digit WFH measure

(1) (2) (3) (4) (5) (6) (7)
Dependent Variable All Waste Trash Food Plastic Textile Metal Can

Post×WFH −0.062 0.040 −0.112∗∗ 0.035∗∗ 0.011∗∗∗ −0.009 −0.011
(0.129) (0.101) (0.050) (0.014) (0.004) (0.025) (0.011)

Adjusted R2 0.481 0.434 0.475 0.340 0.141 0.307 0.256
N 972 972 972 972 972 972 972

Notes. Standard errors in parentheses are clustered at the district (N = 162) level.
∗∗∗ p < 0.01; ∗∗ p < 0.05 ; ∗ p < 0.10.

specification, further supporting the main results.

Table 6: Regression results with 17 region fixed effect and linear trends

(1) (2) (3) (4)
Dependent Variable All Waste Food Plastic Textile

Post×WFH −0.062 −0.115∗∗ 0.035∗∗ 0.012∗∗∗

(0.143) (0.052) (0.015) (0.004)

Adjusted R2 0.398 0.414 0.326 0.080
N 972 972 972 972

Notes. Standard errors in parentheses are clustered at the district (N = 162)
level. ∗∗∗ p < 0.01; ∗∗ p < 0.05 ; ∗ p < 0.10.

We also re-estimate equation 2 by dividing the amount of waste by the initial number
of the population in the district in the dependent variable. This is to show that the main
results in the paper are not sensitive to the change in the method of standardization.
Table 7 demonstrates that the impact of the WFH measure on regional waste remains
qualitatively consistent with the main findings when the amount of waste is standardized
by district population in the initial year.

11



Table 7: Regression results using dependent variables standardized by initial population

(1) (2) (3) (4)
Dependent Variable All Waste Food Plastic Textile

Post×WFH −0.010 −0.044∗∗ 0.012∗∗ 0.004∗∗∗

(0.057) (0.021) (0.006) (0.002)

Adjusted R2 0.475 0.374 0.284 0.131
N 972 972 972 972

Notes. Standard errors in parentheses are clustered at the district (N = 162)
level. ∗∗∗ p < 0.01; ∗∗ p < 0.05 ; ∗ p < 0.10.

6 Conclusion

This paper examines the impact of remote work on regional waste in South Korea. Even
though remote working has already become one of the prevalent working arrangements,
its impact on overall social welfare is still largely unexplored. This paper fills this gap by
analyzing the causal impact of remote working on waste generation at the region level.
Using COVID-19 as an exogenous shock for the regional variation in the WFH measure,
we employ a DiD approach to examine the environmental implications of remote work-
ing. Our findings show that the overall amount of waste per household is not significantly
affected by the regional variation in the WFH measure. However, there are significant ef-
fects on specific types of waste. The districts with a higher level of WFH measure experi-
ence an increase in plastic and textile waste but a decrease in food waste.

Overall, this paper sheds light on the effect of remote working on regional waste gen-
eration. The results contribute to the growing body of literature on remote working and its
implications for social welfare. Furthermore, our findings provide new insights into how
shifts in work arrangements influence household waste behavior, enriching the broader
discussion on waste management policies. By examining the impact of remote work on
consumption patterns, meal preparation habits, and disposal practices, this study high-
lights the economic mechanisms driving household waste generation. Understanding the
environmental consequences of remote working is crucial, as it is likely to remain a preva-
lent mode of work. In this context, the findings of this paper are particularly relevant for
policymakers, organizations, and individuals seeking to develop sustainable practices.
Additionally, this study contributes to a broader policy perspective by deepening our un-
derstanding of the factors influencing household waste generation, which is essential for
designing effective environmental and waste management policies.
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A Appendix

Figure A.1: Distribution of WFH measure across district by year

Table A.1: WFH measure by occupation (2-digit)

KSCO Occupation WFH (in %)

11 Senior Public Officials and Senior Corporate Officials 0

12 Public, Business Administration, Marketing Manage-
ment Occupations

100

13 Professional Services Management Occupations 88.95

14 Construction, Electricity and Production Related
Managers

42.45

15 Sales and Customer Service Managers 76.35

21 Science Professionals and Related Occupations 17.9

22 Information and Communication Professionals and
Technical Occupations

99.2

23 Engineering Professionals and Technical Occupations 19.77

24 Health, Social Welfare and Religion Related Occupa-
tions

23.47

25 Education Professionals and Related Occupations 99.72

26 Legal and Administrative Occupations 100
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27 Business and Finance Professionals and Related Occu-
pations

98.23

28 Culture, Arts and Sports Professionals and Related
Occupations

63.75

31 Administration and Accounting Related Occupations 94.49

32 Financial Clerical Occupations 100

33 Legal and Inspection Occupations 100

39 Customer Service, Information Desk, Statistical Sur-
vey and Other Clerical Occupations

90.03

41 Police, Fire Fighting and Security Related Service Oc-
cupations

46.45

42 Caregiving, Health and Personal Service Workers 13.13

43 Transport and Leisure Services Occupations 0

44 Cooking and Food Service Occupations 33.34

51 Sales Occupations 63.56

52 Store Sales and Rental Sales Occupations 12.35

53 Mobile, Door to Door and Street Sales Related Occu-
pations

71.75

61 Agricultural, Livestock Related Skilled Occupations 0

62 Skilled Forestry Occupations 0

63 Skilled Fishery Occupations 0

71 Food Processing Related Trades Occupations 0

72 Textile, Clothing and Leather Related Trade Occupa-
tions

0.60

73 Wood and Furniture, Musical Instrument and Sign-
board Related Trade Occupations

0

74 Metal Coremakers Related Trade Occupations 0

75 Transport and Machine Related Trade Occupations 0

76 Electric and Electronic Related Trade Occupations 0

77 Information and Communications Technology Re-
lated Occupations

0

78 Construction and Mining Related Trade Occupations 0

79 Other Technical Occupations 0

81 Food Processing Related Machine Operating Occupa-
tions

0
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82 Textile and Shoe Related Machine Operating Occupa-
tions

0

83 Chemical Related Machine Operating Occupations 0

84 Metal and Nonmetal Related Machine Operating Oc-
cupations

0

85 Machine Production and Related Machine Operating
Occupation

0

86 Electrical and Electronic Related Machine Operating
Occupations

0

87 Driving and Transport Related Occupations 41.90

88 Water Treatment and Recycling Related Operating Oc-
cupation

0

89 Wood, Printing and Other Machine Operating Occu-
pations

0.67

91 Construction and Mining Related Elementary Occu-
pations

0

92 Transport Related Elementary Occupations 0

93 Production Related Elementary Occupations 0

94 Cleaning and Guard Related Elementary Occupations 0

95 Household Helpers, Cooking Attendants and Sales
Related Elementary Workers

0

96 Agriculture, Forestry, Fishery and Other Service Ele-
mentary Occupations

21.44
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Table A.2: WFH measure by occupation (1-digit) from Choi (2020)

KSCO Occupation WFH (in %)

1 Managers 65.45

2 Professionals 68.76

3 Clerical Support Workers 100.0

4 Services Workers 1.33

5 Sales Workers 36.15

6 Skilled Agricultural, Forestry and Fishery Workers 0

7 Craft and Related Trades Workers 0

8 Plant and Machine Operators and Assemblers 0

9 Elementary Occupations 0
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