
UC Riverside
UC Riverside Electronic Theses and Dissertations

Title
Crises and Socio-Economic Development

Permalink
https://escholarship.org/uc/item/9wv2k4k0

Author
Gong, Da

Publication Date
2024
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/9wv2k4k0
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA
RIVERSIDE

Crises and Socio-Economic Development

A Dissertation submitted in partial satisfaction
of the requirements for the degree of

Doctor of Philosophy

in

Economics

by

Da Gong

June 2024

Dissertation Committee:

Dr. Joseph R. Cummins, Chairperson
Dr. Sarojini Hirshleifer
Dr. Ugo Antonio Troiano
Dr. Yang Xie



Copyright by
Da Gong
2024



The Dissertation of Da Gong is approved:

Committee Chairperson

University of California, Riverside



Acknowledgments

I would like to express my sincere gratitude to my advisors and dissertation committee

members, Dr. Joseph R. Cummins, Dr. Sarojini Hirshleifer, Dr. Ugo Antonio Troiano,

and Dr. Yang Xie, for their invaluable support and guidance in my research and career

development. Their dedicated help and constructive advising have helped me grow from a

student into a PhD. They set a great role model for me through their dedication, expertise,

and unwavering support, inspiring me to strive for excellence in my own academic endeavors.

I would also like to express my appreciation to Dr. Kevin M. Esterling, Dr. Michael

Bates, Dr. Wei Zhao, and all the other professors and researchers who provided support

and comments on my research, served on my oral qualifying exam, and offered invaluable

help and suggestions during my job search.

I am also grateful for the tremendous support from Anna, Gary Kuzas, Jason

Chou, my colleagues at GradQuant and GradSuccess, as well as my friends, classmates,

coauthors, and UCR alumni, for their help in my study, research, and job search.

iv



To my beloved family.

To all these sleepless nights.

v



ABSTRACT OF THE DISSERTATION

Crises and Socio-Economic Development

by

Da Gong

Doctor of Philosophy, Graduate Program in Economics
University of California, Riverside, June 2024

Dr. Joseph R. Cummins, Chairperson

This dissertation consists of three independent essays with focus on crises and socio-economic

development that sit at the intersection of Political Economy, Development Economics, and

Public Economics.

Chapter 1 examines how the impact of traumatic experiences on contemporary

trust could vary across different initial social capital levels within the context of the Con-

fucian clan and the Great Chinese Famine.

Chapter 2 offers the first comprehensive examination of the economic impacts

of China’s zero-COVID policy. To achieve this, we utilize an original panel dataset that

includes county-level data on daily COVID risk levels.

Chapter 3 studies the effect of China’s anti-contagious policy on labor market

outcomes in 2020 by exploiting variation in the duration of the zero-Covid policy in China,

which is triggered by the outbreak of new cases of COVID-19 in a 14-day observation

window.
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Chapter 1

Formation and Evolution of

Beliefs: Famine Experience and

Trust in Neighbors

1.1 Introduction

Social capital is associated with economic development, institutions and trade.1

Understanding the dynamics of social capital accumulation and dissipation can have im-

portant economic and political implications, but the literature has yielded mixed findings,

with no consensus on the impact of negative shocks on social capital formation.2 Although

(123) and (70) conjecture that different initial conditions may lead to the evolution of social

capital into equilibriums of mistrust or trust, they provide limited empirical evidence .

In this paper, we provide evidence to shed light on this puzzle by estimating how

the impact of traumatic experiences on one aspect of social capital — contemporary trust —

could vary across different initial social capital levels. We hypothesize that when individuals

1(11; 113; 124; 5; 111; 72; 88; 39; 4; 71)
2A strand of literature documents that negative shocks, such as slave trade (105), political repression

(134) and wars (44) lead to a decrease in social capital. By contrast, another strand find that exposure to
adverse events intensify the strength of social capitals (23; 15; 16).

1



derive substantial benefits from the initial conditions of social capital within a community

in the face of negative shocks, it strengthens trust among the community members.

To examine the hypothesis, we focus on a kinship-based historical institution in

China – the Confucian clan, where social capital is deeply embedded, in the context of the

Great Chinese Famine [“the Famine” henceforth] (1959-1961). We begin by utilizing trust

data from the China Family Panel Survey (CFPS) to examine the impact of the Famine on

contemporary trust. To achieve this, we exploit differential exposure to county-level famine

intensity across cohorts before and after the Famine. Then, we employ historical data on

social capital, specifically pre-famine clan strength, to implement a triple difference design.

This allows us to compare the famine effects in counties with high clan strength to those

in counties with low clan strength. Through this analysis, we identify the impact of initial

conditions on the relationship between negative shock and contemporary trust.

We measure the clan strength of each county by using the density of pre-PRC3

genealogies—books that record lineages’ male members, clan rules and moral obligations

for members since its inception. In China’s rural society, the Confucian clan, a predominant

lineage organization, served as a risk-sharing and resource-pooling institution for thousands

of years, making it a fundamental form of social capital (38). Genealogy books serve

to promote clan solidarity, facilitate intra-clan intertemporal exchange, and function as a

fundamental aspect of clan activities while also serving as an indicator of clan cohesion.

(29; 39).

As a risk-sharing institution, the clan played a pivotal role throughout China’s

history during periods of weather shocks,4 and notably, it also saved millions of lives during

the Famine, known as deadliest famine ever recorded in human history. During Mao’s

Great Leap Forward era, a series of inflexible and progressive government procurement

policies, along with systematic misallocation of food, led to the Great Chinese Famine from

1959 to 1961. It is estimated that as many as 30 million people died during this period,

3the People’s Republic of China
4(37) documents that a 10% increase in clan density reduces the freqency of severe drought induced

cannibalism by 4.78%

2



with 85 percent of Chinese counties affected. Despite the non-negotiable orders from the

central government, as noted by (29), local clans empowered peasants to organize and resist

excessive grain procurement from higher-level authorities, and facilitate intra-clan lending.

According to their findings, one standard deviation increase in the clan strength is associated

with a reduction of 1.45 to 1.61 deaths per thousand people during the Famine years.

We measure the famine intensity at the county level using the excess mortality rate

during the years of the Famine. The mortality data is manually collected from compilation of

statistics, local government reports, and county gazetteers.5 One concern is that the excess

mortality rate may be correlated with clan strength, potentially biasing our estimation. To

address this concern, we employ weather shocks during the Famine and soil suitability for

grain production as instrumental variables (IV) for famine intensity. These IVs are unlikely

to correlated with initial clan strength. While long-term climate variability has been found

to causally determine social capital (23; 61), the weather shock during the specific years 1959

to 1961 is not expected to be correlated with local clan strength. Furthermore, although

a strand of literature finds that wetland rice farming has persistence influence on social

norms and cooperative behavior (126; 125; 138), the procurement policy does not show a

preference for rice over wheat or other grains and is therefore unlikely to be correlated with

pre-famine clan culture.

We find that the Famine results in an average increase of 0.75 points in trust

scores among the subgroup with high initial clan strength, which is a noteworthy point

estimate, considering that the average trust score among neighbors is 6.5. In the context

of the triple-differences specification, we find that the traumatic experience strengthens

trust among those who received support from their clans, leading to an increase in trust

scores ranging from 0.42 to 0.66 points. Our findings remain stable to individual level

controls, different levels of fixed effects, alternative famine measurements and alternative

clan measurements. Our results also remain robust to instrumental variable estimation.

The event study estimates validate the parallel trends assumption.

5Please click this link to see details of China Gazetteer Project.

3
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To investigate whether the development of trust in neighbors is influenced by the

framework proposed in our study, we perform a placebo test and replicate our main analysis

by assessing the impacts on generalized trust and trust in parents. Our findings indicate

that the impact of famine on generalized trust and trust in parents does not vary across

initial clan conditions. This supports our hypothesis that clan culture likely played a pivotal

role in safeguarding individuals during the famine and therefore reshaping their beliefs.

Our work contributes to several strands of literature. Firstly, it contributes to

the growing body of research on trust formation and cultural persistence. Existing studies

present mixed findings, demonstrating that historical negative shocks can either undermine

or foster social capital and related behaviors. For instance, social capital may be undermined

by slave trade (105), political repression (134), or wars (44). On the other side, cooperation

and civil participation could also be induced by weather shocks (23), earthquakes (15)

or civil wars (16). We contribute to this literature by understanding the role of initial

conditions of social capital in steering trust towards different self-enforcing equilibrium.

Additionally, our empirical findings complement the theoretical frameworks proposed by

(123) and (70).

Secondly, our research contributes to the existing literature on cultural and insti-

tutional bifurcation (68; 69; 4). Unique initial cultural conditions lead to the emergence of

diverse social organizations, while their subsequent proliferation strengthens their distinct

cultural traits (68). Our findings support this view by illustrating a self-enforcing cultural

traits—kinship-based interactions reinforce trust towards kin under negative shocks. Specif-

ically, we extend this argument by delving deeper into the impact of a particular historical

shock—the Great Chinese Famine. This exploration aims to establish a clear causal link

between culture and institution. More broadly, our paper provides insights into the reasons

behind certain nations being trapped in a vicious cycle of extractive institutions, resulting

in less development (2). Social capital rooted in “limited morality” may foster cooperation

within family members but simultaneously hinder the development of inclusive institutions,

thereby impeding economic growth (4; 39). The self-reinforcing characteristic of “limited

4



morality” societies, such as kinship-based networks, elucidates the challenge these nations

face in developing modern institutions without external shocks (1).6

Thirdly, our work also relates to the literature on the the role of kinship-based net-

works as risk-sharing institutions, particularly in the contexts of China and Sub-Saharan

Africa (135; 48; 137; 51; 102; 103; 104). (29) reveals that clans play a crucial role in miti-

gating famine intensity through informal lending and collective resistance. We extend this

argument by revealing that risk-sharing function within kinship-based network is strength-

ened through survival experiences.

The rest of the paper is organized as follows. Section 2 provides conceptual frame-

work and background to guide the empirical analysis. Section 3 describe the data. Section

4 presents the empirical strategy and results. Section 5 presents the instrumental variables

estimation. Section 6 provides Robustness Checks. Section 7 concludes.

1.2 Conceptual Framework and Background

In this section, we provide a brief conceptual framework and a historical back-

ground to clan culture and the Great Chinese Famine.

1.2.1 Conceptual Framework

Social capital refers to the attitudes, beliefs, norms and values that support

cooperation (70). Mixed findings in the literature suggest that historical negative shocks

have the potential to either destroy or cultivate trust and related behaviors. (105) finds

that individuals from ethnic groups with significant exposure to the slave trade tend to

demonstrate lower levels of trust in their relatives and neighbors. This phenomenon can be

6Literature on relationship between culture and institutions document that “generalized morality” is
an important factor that enforce cooperation between unrelated individuals, thereby boosting economic
growth (113; 124; 111). However, if social capital is rooted in “limited morality”, it may foster cooperation
within clan members while impeding broader societal development (4; 39). The self-enforce cultural traits
in “limited morality” could contribute to explaining the “the Great Divergence” and “Narrow Corridor”
pattern (110; 2). Kinship-based networks, like clans, may mitigate shocks and contribute to the prosperity of
agrarian-based economies. However, they can also pose obstacles to the development of modern institutions
in these countries.
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attributed to the historical practice of individuals being frequently sold into slavery by peo-

ple in their own communities, including neighbors and even family members. Other negative

shocks such as political repression (134), or wars (44) have been found to have persistent

negative impacts on cooperation and trust. In contrast, (23) finds that regions experienced

more frequent climate-related risks exhibit enhanced cooperation among neighboring com-

munities, facilitated by mutual insurance. Similarly, negative shocks such as earthquakes

(15) and civil wars (16) have been identified as reinforcing local social capital.

To reconcile the mixed findings in the literature, we propose a brief conceptual

framework guided by (123) and (70). We propose that in the presence of a negative shock,

if the net benefits of cooperation are sufficiently high, the society will naturally self-enforce

towards an equilibrium of trust. In the context of the Famine, individuals residing in severely

affected regions who survived through the support of their clan culture, would have their

trust in clan members reinforced by this experience.

1.2.2 Clan as a Kinship-Based Network and Risk Sharing Institution

Clan is a kinship-based organization that includes patrilineal households with

a shared lineage tracing back to a common male ancestor. Similar to the corporation,

a voluntary organization between unrelated individuals, clan sustains cooperation among

members and provides local public goods (69). However, the nature of cooperation within

a clan is grounded in reciprocal moral obligations and communal moral values, regulated

through the kinship network. In contrast, cooperation within a corporation is based on

generalized moral obligations regardless kinship (69; 51)

The most famous metaphor for clan is presented by by (55) “ kinship - is similar

to concentric circles formed when a stone is thrown into a lake...every family regards its

own household as the center and draws a circle around it. This circle is the neighborhood,

which is established to facilitate reciprocation in daily life...This pattern of organization in

Chinese traditional society has the special quality of elasticity” (p63-64). This “egocentric”

network shown by Fei, is defined as differential mode of association (chaxugeju). This
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kinship-based network lacks clear boundaries. 7 The trust within clan members largely

depends on their biological distance. Shown by the upper panel in Figure A1, in a society

with stronger clan culture, neighbors and relatives are positioned in a more central circle

around the individual, reflecting a higher level of trust in them. In contrast, in a society

with a weaker clan culture (lower panel), neighbors and relatives are situated in a circle

closer to strangers, indicating lower levels of trust in them. One clarification is necessary:

given our focus on rural residents in China, it’s important to note that neighbors are often

relatives. Therefore, in this paper, we do not distinguish between neighbors and family

members.

Within the kinship-based network , clan members tend to promote codes of good

conduct and supply communal goods (4). Clan provides local militias during turbulence

(116). Additionally, clan plays a vital role by providing charity, informal lending, and

mutual insurance, serving as institutions for resource pooling and risk-sharing (39). This,

in turn, helps reduce survival risks during famines and wars, thereby boosting population

growth (38).

A unique institutional feature of clan is the use of genealogy book, which detailedly

record the family tree. These books serve as a vital link connecting all males, both past and

present, within the kinship network. They play a crucial role in determining the membership

of each household within the clan (29). Moreover, genealogies document the codification of

clan rules, establishing and reinforcing reciprocal moral obligations among clan members

(39). Along with ancestral hall, which serves as a physical space for ancestor worship

and important events, genealogy serves as a pivotal tool to establish group identity among

clan members. The compilation and upkeep of genealogies demand a substantial economic

investment and a high level of cooperation within the clan. Therefore, we posit that the

density of genealogies serves as a systematic proxy for the strength of clan culture.

7In contrast, individuals in a Western-style organization typically enroll or sign up for memberships.
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1.2.3 Clan during the Famine

The unprecedented nationwide famine during the Great Leap Forward (GLF)

movement resulted in 30 million deaths from 1959 to 1961. The inflexible excessive procure-

ment by the upper-level government and the misallocation of food resources were considered

as the main causes of the Famine (99). During the GLF, a compulsory grain procurement

system was initiated, and private ownership of grain was prohibited. Each year, prior to the

harvest, the procurement quota is determined, taking into account reported grain outputs

from previous years, weather conditions, and historical grain suitability (99; 87). Counties

with favorable weather conditions and a historical suitability for grain crops are associated

with higher procurement quotas. As a result of career and promotion incentives, upper level

Communist Party officials over-reported grain outputs, leaving insufficient food crops for

local communities to sustain themselves. This, in turn, was one of the contributing factors

to the occurrence of the Famine. As documented by (130), at the peak of the GLF, rural

households were no longer permitted to store their own food.

Under pressure from upper-level officials, village leaders from regions with

higher clan strength were more likely to resist excessive procurement or conceal grain from

the upper-level government. Meanwhile, inter-clan borrowing served as a channel to save

their clan members and alleviate the intensity of the Famine. As a result, (29) finds that

the increase in mortality rates during the Famine years is significantly smaller in counties

with a higher level of clan strength. Particularly, a one standard deviation increase in clan

strength is associated with a reduction of 1.71 to 2.26 deaths during the Famine.

1.3 Data

This section discuss our main data sources and key measurement strategies.

Our empirical strategy make use of four main data sources: Trust outcomes from China

Family Panel Study (CFPS) at individual level, famine intensity from county gazetteers,

clan strength from historical collection, and historical weather shocks and soil suitability
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index sourced from the Food and Agriculture Organization (FAO)’s Global Agro-Ecological

Zones (GAEZ) V4.0 database. More details about the summary statistics can be found in

table 1.

1.3.1 Individual Level Trust

We measure the main outcome of interest, trust in neighbors, using the sec-

ond wave of the China Family Panel Survey (CFPS) survey (2012) and gather individual

characteristics from the baseline survey (2010). CFPS is a nationally representative longi-

tudinal survey launched in China in 2010, focusing on Chinese communities, families, and

individuals. It is regarded as the counterpart to the PSID data in the United States. Shown

in Table 1, after matching our data with famine intensity and clan strength, we retained 92

counties and 7514 individuals for our main analysis.

The main outcome of interest comes from the question:

To what extent do you trust your neighbors?

(where 0 means that you have complete distrust and 10 means that you have complete trust.)

Shown by Table 1, the average trust in neighbors is 6.5 out of 10 points. In

contrast, trust in parents has an average score of 8.9, while trust in strangers averages only

2. This pattern aligns with common sense. Regarding generalized trust, a widely-used

measure of social capital (e.g., in the World Values Survey and General Social Survey), half

of the respondents in our sample agree that “most people can be trusted”. For purpose of

robustness, we also create dummy indicators to classify the continuous trust measures as

above or below 6 points.

For our baseline estimation, we restrict the sample to individuals born between

1941 and 1970, who resided in rural areas and lived in the same counties since their birth.

We also use urban counterparts as a falsification test.
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1.3.2 County Level Famine Intensity

We calculate county-level famine intensity using data from county gazetteers,

government reports, and population statistics compilations. Our main data source is from

China Gazetteer Project 8, a large scale project to digitize local gazetteers at Harvard’s

Yenching Library. County gazetteers are local encyclopedia covering major events since 1949

to 1990s, including democratic information, economic development, political movements,

agricultural production and so on 9.

In particular, We collect annual death counts per thousand people for each county

and match them with CFPS sample counties. Then, we define the death rate in famine

years as the average death rate during 1959 to 1961 and the death rate in normal years as

the average death rate during 1954 to 1957 10. Finally, we use county-level excess mortality

as a proxy for famine intensity, calculated as the ratio of the death rate during famine years

to that during normal years, minus 1. Our measure of famine intensity can be interpreted

as the percentage increase in deaths during famine years compared to normal years. This

measure addresses concerns related to differential death rates caused by varying age profiles

across counties. Figure A5 displays a fat-tailed distribution of famine intensity for CFPS

sample counties. The sample mean is 0.89 and sample median is 0.43. In our baseline

regression, we use a dummy indicator based on whether the excess mortality level is above

or below the sample median.

It is reasonable to consider that the mortality data compiled in county gazetteers

and government statistics may be under-reported. However, most of the data we utilize were

compiled in the early years of the reform (1980s), when the local officials responsible for

famine deaths were no longer in office, and people began to reevaluate the disasters during

the Great Leap Forward and the Cultural Revolution. During our interview with one of

8https://chinagazetteer.wixsite.com/project
9A growing number of literature in Chinese study use this data source, see (36), (35), (29)...

10We exclude the years 1949 to 1953 from the normal years due to the ongoing regional civil war and land
reform during this period. 1953 is considered the first year of large-scale economic construction. Additionally,
we exclude the year 1958 from normal years because historical evidence indicates that the famine had already
begun in some counties during that year.
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the county gazetteer editors, he assured us that all the statistics included in the gazetteer

are accurate, as they were required by higher-level officials 11. As part of our robustness

analysis, we additionally employ a cohort loss index, calculated based on relative cohort

size, as an alternative proxy for famine intensity. (99).

1.3.3 County Level Clan Strength

As previously discussed in Section 2.2, the compilation and maintenance of a

genealogy require dedication from clan members. The existence of these genealogy books

serves as a proxy of clan strength and social capital. We use the density of genealogies as

our main measure of clan strength, a similar measure employed by (29; 39; 68). Specifically,

we collected geographic information of 30330 genealogy compiled before 1950, sourced from

The General Catalog of Chinese Genealogy, recognized as the most comprehensive registry

of Chinese clan genealogies to date.( (69); (48)) 12. Considering that clan members typically

reside in close-knit, compact communities (38), our underlying assumption for measuring

clan strength at the county level is that counties with higher genealogy density indicate a

larger proportion of communities within that county being associated with clans.

We first take the logarithm of the per capita count of genealogies compiled before

1950 in a county, which is normalized by the population recorded in the 1953 census. Then,

we generate a dummy variable that indicates whether the clan strength is above or below the

sample mean 13. Table 1 shows 26% of CFPS samples counties are categorized as as having

high clan strength. Figure A3 displays a national geographic distribution of log genealogies

per capita compiled before 1950. White regions represent counties where no genealogy

books were compiled during the investigated time span. We observe that the distribution

of genealogy books is concentrated in the southeastern regions of China, aligning with the

historical narrative of clan distribution.

11Check our interview with Hu Erson, the editor of the Pingu Gazetteer. https://www.youtube.com/

watch?v=_NUY39R31s8
12This data set is digitized by (133) and public available now.
13the sample mean of log (normalized genealogies) is 0.13, median is 0.
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Several important caveats should be discussed. First, there might be survivor-

ship bias, as some genealogy books may have been destroyed before the publication of the

Catalog. However, this bias could potentially strengthen the proxy for clan strength, as

genealogy books are more likely to survive in counties with strong clan adherence. Second,

the land reforms in the 1950s weakened or eliminated many local landowning families. As

a result, clan strength before 1950 could not predict the clan strength during the Famine

(1959 to 1961). we will check how many clans survived the land reforms until late 1950s.

1.3.4 County Level Soil Suitability and Weather Shock

The data regarding the suitability of soil for different crops are sourced from

the Food and Agriculture Organization (FAO)’s Global Agro-Ecological Zones (GAEZ) V4.0

database. This database offers detailed information on the potential yields of various crops

under various technologies at a grid level of the 9.25km × 9.25km. To accurately capture

the farming technologies used in China during the 1950s and 1960s, we adopt the methods

provided by (99; 98). We select the production function considering rain-fed irrigation,

intermediate input levels, and no CO2 fertilization. This suitability measure serves as a

time-invariant index, reflecting the suitability of regions for cultivating key procurement

crops in China during the 1950s, including rice, sorghum, wheat, buckwheat, and barley.

We calculate the soil suitability index at the county-level by averaging the values of the

grids within each county’s boundaries across all selected crops 14.

The historical weather data are sourced from the China Catchment Attributes and

Meteorology dataset (CCAM), which offers daily temperature and precipitation records at

the meteorological station level (75). First, we calculate the county-level daily weather

variables using Inverse Distance Weighted (IDW) interpolation with data from the five

nearest meteorological stations. Then, following the methods of (99; 87), we create variables

for average temperature and precipitation during the Spring months (February, March, and

14In the V4.0 database, there are only options of high and low inputs. However, according to the document
of V3.0, the intermediate input is just the average of high and low inputs.
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April) and Summer months (May, June, and July) for each county-daily observation. Lastly,

similar to our approach with excess mortality, we define weather shocks as the percentage

deviation in temperature and precipitation during famine years compared to normal years.

15.

Since the weather and soil suitability data were collected for scientific research

purposes, there is no evidence to suggest that the Mao-era government manipulated the

data

1.4 Empirical Strategies and Results

In this section, we present two primary empirical strategies and results. Firstly,

employing a difference-in-differences estimation, we demonstrate that exposure to the Famine

resulted in a statistically insignificant, slightly negative, impact on trust in neighbors.

Nonetheless, this traumatic experience increased trust among individuals residing in coun-

ties with high initial social capital. Secondly, through a triple-differences strategy, we offer

additional evidence of the heterogeneous response to this traumatic experience across dif-

ferent initial conditions.

1.4.1 Difference in Differences Estimation

In the first part of the analysis, we study the impact of the Famine on the entire

sample and as well as on subgroups categorized by their initial clan strength. We limit

our CFPS sample to individuals born between 1941 and 1970, who resided in rural areas

and lived in the same counties since their birth. In particular, we exploit variations in

county-level famine intensity exposure among cohorts before and after the Famine in a

difference-in-differences (DiD) setting:

15please check Appendix X for detailed data cleaning process.
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Tivct,s = β1 ×Mortalityc,s × Cohortt,s + ΓXivct,s + γv,s + γt,s + εivct,s
(1.1)

where the subscripts i denotes a individual, v denotes community, c denotes county,

t denotes the year of cohort birth and s denotes the samples used for analysis, including

the entire sample, the high clan strength group, and the low clan strength group. Tivct is

individual level of trust in neighbors. Mortalityc,s is a dummy variable takes the value of

1 when county-level excess mortality during the Famine exceeds the sample median (0.43),

as explained in Section 3.2. Cohortt is a dummy variable for whether that individual

was born before the Famine (1961). Xivct,s contains individual controls including gender,

education and ethnicity. γv,s are the community (village) level fixed effects, and capture

time invariant characteristics across villages. γt,s are cohorts fixed effects common to all

individuals in Cohortt,s. εict,s is idiosyncratic errors. Rousted standard errors clustered at

county level.

According the conceptual framework, we examine whether β1 is significantly pos-

itive in the DD specification for the high clan strength group. The low clan strength group

serves as a placebo test. We should not expect to observe an effect on trust in their neigh-

bors, as there was no strong initial social capital during the Famine.

1.4.2 Difference in Differences Results

The estimates from equation (1) are in Panel A of Table 2. As the Column

1 shows, the estimated coefficient is negative and statistically insignificant for entire sam-

ple. the estimated coefficient is negative and statistically insignificant for the entire sample.

This finding aligns with the varied results from previous studies examining the impact of

traumatic experiences on social capital. In Column 2, the results for individuals residing

in counties with high initial clan strength are consistent with the conceptual framework.
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Specifically, the strong famine-exposed cohort experienced an increase in trust in their neigh-

bors after surviving the Famine. The increase in the trust score by 0.75 is quite substantial,

particularly when compared to the sample mean of trust scores in neighbors, which stands

at 6.5 points. In Column 3, as demonstrated for individuals living in counties with low

initial clan strength, the effect is relatively modest and statistically insignificant. This sug-

gests that there was no significant update in their beliefs regarding social capital, since they

did not benefit from this risk-sharing institution. The F-test between the estimators de-

rived from these two subgroups yields an F-statistic of 8.878 with a p-value of 0.0037. This

implies that the results exhibit statistically significant differences in initial clan strength.

To address the concern that our findings might be sensitive to the choice of the

cutoff used to generate the mortality dummy, we also employ a continuous measure of

excess mortality as treatment, as illustrated in Panel B of Table 2. Our findings concerning

remain consistent. In particularly, a 10-percentage-point increase in famine intensity raises

the trust score by 0.046 points for the high clan strength group. Additionally, we notice a

negative, though smaller, effect on the low clan group.

1.4.3 Event Study— DiD

The parallel-trends assumption is crucial to our analysis. We plot event study

graph versions of equation (1) as following:

Tivct,s =
12∑
t=1

β1,t ×Mortalityc,s × Cohortt,s + ΓXivct,s + γv,s + γt,s + errorivct
(1.2)

where Cohortt,s is an indicator function denoting whether the individual’s birth

year falls within a three-year birth cohort bin between 1941 and 1977, originating from either

high or low clan strength counties 16. The cohort born between 1962 and 1964 serves as the

16There are two underlying reasons behind this choice. Firstly, the Famine spanned three years, so it is
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reference group. We expect that the coefficient β1,t will be statistically indistinguishable

from zero for cohorts born after the Famine. However, for cohorts within high clan groups

that have reached an age to have experienced the Famine, we anticipate β1 to be positive.

To allow for more post-famine periods, we also include individuals born between 1970 and

1977 in the CFPS in the data used for estimation.

Figure 1 plots the event-study estimates for the famine effect by subgroups, with

the x-axis plotting three-year birth cohort bin. In the upper panel, which represents the

high clan strength sample, we can observe that the positive famine effect is not driven by

post-trends, as there is no significant impact on the outcomes of individuals born after the

Famine. The famine effects are notably strong for cohorts born between 1953 and 1961,

who were aged 0 to 9 during the Famine. In the lower panel, which represents the low clan

strength sample, we observe null effects across all cohorts. This observation aligns with the

conceptual framework, indicating that individuals live in low initial social capital counties

do not update their beliefs in clan network following the traumatic experience shock.

1.4.4 Triple Differences

To estimate how the Famine’s impact on trust in neighbors varies with initial clan

strength, we employ a triple differences strategy that exploits three sources of variation.

Initially, we utilize the variation in famine intensity at the county level combined with the

cohort variation in the DiD estimation discussed in Section 4.2. Additionally, we exploit

the county-level variation in initial clan strength to estimate the differential famine effects

across various initial conditions. These combined sources of variation in famine intensity,

cohort, and initial clan strength results in the triple-differences strategy as following:

logical to establish a single group for those who partially experienced the Famine (born between 1959 and
1961). Secondly, we group cohorts into three-year bins to increase the statistical power.
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Tivct = β1 ×Mortalityc,v × Cohortt ×HighClanc,v + β2 ×Mortalityc,v × Cohortt

+β3 × Cohortt ×HighClanc,v + ΓXivct,s + γv,s + γt,s + εivct,s

(1.3)

Where HighClanc,v is a dummy variable indicating whether the clan strength, as

measured by the logarithmized historical genealogy books per capita, exceeds the national

mean. Our coefficient of interest is β1. We use entire sample for analysis and cluster robust

standard error at the county level.

Panel A of table 3 reports the triple-differences estimates. Column (1) to (3)

show that individuals exposed to the famine from counties with initially high clan strength

exhibited increased trust in their clan members afterward in more famine affected counties.

The traumatic experience enforce trust among those who received support from their clans,

resulting in an increase in trust scores ranging from 0.42 to 0.66 points. These effects are

noteworthy, given that the average trust score in neighbors stands at 6.47. The results

remain stable after we control individual characteristics (Column (2)) and allow cohort

trends to differ across provinces (Column (3)).

Panel B of table 3 reports the estimates with an alternative specification: Dummy

variable Mortalityc,v is replaced by a continuous variable representing excess mortality

rates, and the same replacement applies to the secondary and triple interactions. We

observe that the pattern of results remains stable.
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1.4.5 Event Study— Triple Differences

Furthermore, we plot event study graph versions of the triple-differences specifi-

cation, as outlined in Equation (4):

Tivct =

12∑
t=1

β1,t ×Mortalityc × Cohortt ×HighClanc +

12∑
t=1

β2,t ×Mortalityc × Cohortt

+

12∑
t=1

β3,t × Cohortt ×HighClanc + ΓXivct,s + γv + γt + errorict

(1.4)

The cohort born between 1962 and 1964 serves as the reference group. We use

entire sample for analysis and cluster robust standard error at the county level. We also

include individuals born between 1971 to 1977 for more post-famine periods.

In figure 2, we observe that there is no significant post-trends among cohorts who

born after the Famine. Among the cohorts that experienced the Famine, the positive effects

on trust in neighbors persist for individuals residing in counties with higher clan strength.

1.5 Instrumental Variable Strategy

Although the parallel trends enables us to mitigate potential sources of bias in

the estimates, a natural concern is the correlation between famine intensity and initial clan

strength. As found by (29), counties with higher clan density significantly reduce mortality

during the Famine. It is likely that the famine intensity is correlated with interaction term

between the clan strength and cohort dummy. Consequently, the ideal measurement of

famine intensity should be exogenous to the initial clan strength. According to (99), the

inflexible procurement system is the main cause of the Famine. However, the only available

data on procurement is the actual amount of procurement rather than target quotas set

before the agricultural season (87). Instead, we use soil suitability and weather shocks

during the Famine years as instrumental variables for famine intensity.

18



1.5.1 Logic of Soil Suitability and Weather Shocks as Instruments

During the famine years, there is a significantly positive correlation between

higher production and higher mortality, as noted by (99; 87). Counties with soil more

suitable for grain crops and experiencing favorable weather conditions tend to receive higher

procurement quotas, which, in turn, lead to more severe famine.

Additionally, soil suitability for crops and weather shocks during the famine years

are unlikely to be correlated with initial clan strength. Although (127) find that a history

of farming rice promotes cooperative behavior, whereas farming wheat makes cultures more

independent, there is no evidence to suggest that the procurement system exhibited a

preference for either rice or wheat. As a matter of fact, following (99), the soil suitability

index constructed by us including rice, sorghum, wheat, buckwheat, and barley, is exogenous

to clan strength before the Famine. Moreover, while long-term weather patterns may be

associated with local cooperative behavior (61; 23), it is unlikely that the weather shocks

during the famine years are correlated with clan strength. Details on the construction of

instrumental variables of soil suitability and weather shocks can be found in Section 3.4.

1.5.2 Instrumental Variable Results

Table 4, Column (1) and (2) show the results for the first stage regression of

Mortalityc,v × Cohortt on the instruments by clan strength. The F-statistics for excluded

instruments are 9.66 for the high clan strength sample and 11.1 for the low clan strength

sample, respectively. Column (3) and (4) present the results for the first stage regression of

Mortalityc ×Cohortt ×HighClanc on instruments with similar specification with baseline

estimation, with F-statistics of 10.39 and 10.62.

When merging with the instruments, our sample counties decreased from 92 to 82,

shown in Table 1. Therefore, we re-estimated the DiD specification with the balanced 82

counties and present the results in Columns (1) and (3) of Table 5. In Column (2), when

considering the Instrumental Variable results, the traumatic effect on trust in neighbors for
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the high clan strength group remains positive and becomes even larger compared to the DiD

estimation. In Column (4), the results remain consistent for the low clan strength group as

well.

Column (2) of Table 6 provides the IV results in the triple difference specification,

with individual controls, community fixed effects and province by cohort fixed effects, robust

standard errors are cluster at county level. When comparing the OLS estimates in Table 5

to the IV estimates in Table 6, it is evident that the IV estimates are larger than the OLS

estimates.

1.6 Robustness

1.6.1 Falsification Test

As we discussed above, egocentric network is the foundation for belief update

from the soil (rural China) (55). Base on this theory, we should should not observe the

impacts of the famine experience on trust in neighbor from urban sample. Similarly, we

also should not observe any effects on the trust in parents or strangers — people at the

right center or absolutely outside the differential mode of association (chaxugeju).

We report the regression results on different trusts, separately by rural sample and

urban sample based on their hukou status. Table 7 column 5 shows the same result discussed

in the last section, a positive and significant effect on the trust in neighbors for the rural

sample. Comparing to column 3 and 5, we can find that either the trust in people located

nearest or farthest to the concentric point (self), the effect is trivial and not significant.

The logic behind this phenomena is straightforward, parents are the closest people and will

always help their children out during the famine, the strangers are in the quit opposite. To

further explore the impacts on social capital (Column 1), we use the binary variable general

trust as a proxy 17, taking the value of 1 if the respondent believes that “Generally speaking,

most people can be trusted.” The result is still close to 0 and insignificant, consist with the

17This variable is a standard proxy used by social capital literature such as (112), (28) and (111)
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trust in stranger case. Column 2, 4, 6 and 8 present none significant results using the urban

sample, consist with our story that the trauma experience interacted with clan strength only

affected the trust update for rural population. Furthermore, only the connection between

the central point (self) and the middle circle (neighbors and relatives) are tightened by this

mechanism, not the intra-nuclear family trust and social trust.

1.6.2 Trust Distance Between Circles

One possible concern to our measurement of trust is some unobserved factors might

affect the reported score of trust. For example, respondent A might reports 9 points out

of 10 for trust in parents and respondent B reports 8. But in reality, B could has more

trust in his parents than A does. To address this concern, We take difference between three

main trust variables and therefore to differentiate out the idiosyncratic benchmark error.

Table 8 shows the regression results for outcomes of trust distance between parents and

neighbors, between neighbors and strangers and between parents and strangers. Consist

with the previous result, The only 1 % significant effect is on the trust between parents and

neighbors (column 5), for the rural sample. Famine-experienced cohorts shows closer trust

distance between their parents and neighbors, comparing to the reference group. But the

post famine cohorts are not observed with any significant differences. The circle of neighbors

get closer to the concentric point — the clan network got strengthen for the treated group.

In contrast, The trust distance between neighbor and stranger becomes larger — people

who are saved by their clan would be more alienate to the civil society.

1.7 Conclusions

This paper examines the evolution of trust among clan members, in the context

of Great Chinese Famine (1959-1961), depending on the historical level of Chinese clan

culture. We gather information on clan strength from genealogy books and compile data on

famine intensity from county gazetteers. Our triple-differences analysis exploit county-level
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variation in famine intensity, county-level variation in clan strength and variation in famine

exposure base on birth cohort.

Our analysis shows that the famine exposed cohort that live in a stronger clan

county report higher level of trust in their clan members, relative to the people who didn’t

perceive a sever famine. The magnitudes of effects are non-trivial and consistent to a series

of falsification tests, robustness checks and instrumental variable estimations. Our results

additionally highlight that the famine effect on both generalized trust and trust in parents

does not vary across different initial clan conditions. This lends support to our hypothesis,

suggesting that clan culture played a crucial role in protecting individuals during the famine,

consequently shaping their beliefs.
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1.8 Figures and Tables

1.8.1 Figures

Figure 1: Event Study for the DiD specification by Clan Strength
(a) High Clan Strength

(b) Low Clan Strength

Notes: These figures plot the coefficients for the interaction between being born

in a 3-year cohort-group, and the indicator of county excess mortality exceeding the sample

median by High / Low clan strength. The cohort from 1962 to 1964, born right after the

famine, serves as the reference group. standard errors are clustered at county level.
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Figure 2: Event Study for the triple-differences specification

Note: This figure plotthe coefficients for the triple interaction term.
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1.8.2 Tables

Table 1: Statistic Summary

Obs Mean Std.Dev Min Max

Individual D.V.

Trust in Parents 7463 8.828 1.835 0.000 10.000

Trust in Neighbor 7514 6.474 2.236 0.000 10.000

Trust in Strangers 7465 2.063 2.107 0.000 10.000

Generalized Trust 7479 0.498 0.500 0.000 1.000

Individual Controls

Gender 7514 0.534 0.499 0.000 1.000

Ethnic Minority 7504 0.130 0.336 0.000 1.000

Linguistic Minority 7342 0.040 0.197 0.000 1.000

Education Level 7514 2.018 1.014 1.000 6.000

County Level

Excess Mortality (×100%) 92 0.885 1.317 -0.402 6.125

Mortality (Dummy) 92 0.500 0.503 0.000 1.000

Clan Strength (Genealogy books per capita in log) 92 0.130 0.341 0.000 2.408

High Clan Strength (Dummy) 92 0.261 0.442 0.000 1.000

Spring Precipitation Shock (×100%) 82 0.031 0.371 -0.744 1.221

Summer Precipitation Shock (×100%) 82 -0.022 0.172 -0.294 0.678
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Table 2: Difference in Differences by Clan Strength

Trust in Neighbors

(1) (2) (3)

Full Sample High Clan Strenghth Low Clan Strenghth

Panel A: Mortality (Dummy)

Mortalityc × Cohortt -0.0744 0.752∗∗∗ -0.0879

(0.176) (0.162) (0.190)

F-Test (High v.s. Low) F Statistic is: 8.878 P-value is: .0037

Adj R-squared 0.115 0.0797 0.127

Panel B: Mortality (Continuous)

Mortalityc × Cohortt -0.0924 0.462∗∗∗ -0.103∗

(0.0582) (0.0645) (0.0567)

F-Test (High v.s. Low) F Statistic is: 18.44 P-value is: 0

Adj R-squared 0.116 0.0797 0.127

Observations 7205 1751 5454

Mean of Outcome 6.446 6.512 6.372

Individual Controls ✓ ✓ ✓

Community FE ✓ ✓ ✓

Province-Cohort FE ✓ ✓ ✓

Notes: This table reports difference-in-differences estimates of the interaction between the

dummy variable for whether that individual was born before the Famine, and the

indicator of county excess mortality exceeding the sample median. All regressions include

individual controls, community (village) fixed effects and province by cohort fixed effects.

Column 1 reports the results for the entire rural sample, consisting of individuals born

between 1941 and 1970, who never moved to another county. Column 2 reports the results

for individuals residing in counties with high initial clan strength. Column 3 reports the

results for individuals residing in counties with low initial clan strength. Standard errors

are clustered at county level.
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Table 3: Triple-Differences Estimation

(1) (2) (3)

Trust in Neighbors Trust in Neighbors Trust in Neighbors

Panel A: Mortality (Dummy)

Mortalityc × Cohortt ×HighClanc 0.423∗ 0.454∗ 0.664∗∗

(0.247) (0.248) (0.273)

Mortalityc × Cohortt -0.123 -0.167 -0.231

(0.140) (0.145) (0.171)

Cohortt ×HighClanc -0.188 -0.219 0.0513

(0.159) (0.158) (0.170)

R-squared 0.102 0.103 0.116

Panel B: Mortality (continuous)

Mortalityc × Cohortt ×HighClanc 0.262∗∗ 0.272∗∗ 0.398∗∗∗

(0.131) (0.131) (0.0901)

Mortalityc × Cohortt -0.0584 -0.0746 -0.106∗∗

(0.0528) (0.0550) (0.0454)

Cohortt ×HighClanc -0.177 -0.205 0.0588

(0.155) (0.152) (0.163)

Adj R-squared 0.103 0.103 0.117

Observations 7510 7205 7205

Mean of Outcome 6.474 6.474 6.474

Individual Controls ✗ ✓ ✓

Community FE ✓ ✓ ✓

Cohort FE ✓ ✓ ✗

Province-Cohort FE ✗ ✗ ✓

Notes: This table reports triple-differences estimates of how the Famine’s impact on trust

in neighbors varies with initial clan strength, exploiting the interaction between the

dummy variable for whether that individual was born before the Famine, the indicator of

county excess mortality exceeding the sample median, and whether the initial clan

strength exceeds the national mean. The sample consists of individuals from rural area,

born between 1941 and 1970, who never moved to another county. Standard errors are

clustered at county level.
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Table 4: IV First Stage

DID by Clan Strenghth Tripple Differences (Whole Sample)

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

Mortalityc × Cohortt (High Clan) Mortalityc × Cohortt (Low Clan) Mortalityc × Cohortt ×HighClanc Mortalityc × Cohortt ×HighClanc

Suitabilityc × Cohortt 0.831∗∗ -0.134 0.00191 -0.135

(0.369) (0.153) (0.00162) (0.154)

Precip(Summer)c × Cohortt -0.735∗ 0.471∗∗∗ 0.00264 0.474∗∗∗

(0.434) (0.173) (0.00213) (0.173)

Precip(Spring)c × Cohortt 1.153∗∗∗ -0.0946 0.000490 -0.0949

(0.218) (0.118) (0.00130) (0.119)

Temp(Summer)c × Cohortt -12.36∗∗∗ 1.973 0.0258 2.000

(4.131) (2.721) (0.0399) (2.737)

Temp(Spring)c × Cohortt 0.226 -0.00958∗∗∗ 0.0000374 -0.00948∗∗∗

(0.149) (0.00160) (0.0000417) (0.00161)

Suitabilityc × Cohortt ×HighClanc 0.844∗∗ 0.954∗∗

(0.380) (0.399)

Precip(Summer)c × Cohortt ×HighClanc -0.872∗ -1.249∗∗∗

(0.459) (0.461)

Precip(Spring)c × Cohortt ×HighClanc 1.140∗∗∗ 1.246∗∗∗

(0.225) (0.244)

Temp(Summer)c × Cohortt ×HighClanc -13.03∗∗∗ -14.66∗∗∗

(4.307) (4.952)

Temp(Spring)c × Cohortt ×HighClanc 0.232 0.231

(0.157) (0.149)

Cohortt ×HighClanc 0.0891 -0.481∗∗∗

(0.103) (0.119)

F-Statistic of excluded instruments 9.664 11.10 10.39 10.62

Observations 1301 5134 6435 6435

Individual Controls ✓ ✓ ✓ ✓

Community FE ✓ ✓ ✓ ✓

Province-Cohort FE ✓ ✓ ✓ ✓

Notes: The sample consists of individuals from rural area, born between 1941 and 1970,

who never moved to another county, categorized by initial clan strength. Columns reports

first-stage OLS regressions. Standard errors are clustered at county level. Suitability is

measured as soil suitability of counties for cultivating rice, sorghum, wheat, buckwheat

and barley. Precipitation and Temperature are measured as the percentage deviation

during famine years compared to normal years.
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Table 5: IV for DiD by Clan Strength

High Clan Strenghth Low Clan Strenghth

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

OLS (Balanced Sample) IV OLS (Balanced Sample) IV

Mortalityc × Cohortt 0.600∗∗∗ 0.836∗ -0.113 -0.922

(0.0405) (0.443) (0.249) (0.757)

F-Statistic of excluded instruments 9.664 11.10

Adj R-Squared 0.0633 0.0934 0.127 0.0661

Observations 1301 1301 5134 5134

Mean of Outcome 6.492 6.512 6.317 6.372

Individual Controls ✓ ✓ ✓ ✓

Community FE ✓ ✓ ✓ ✓

Province-Cohort FE ✓ ✓ ✓ ✓

Notes: The sample consists of individuals from rural area, born between 1941 and 1970,

who never moved to another county, categorized by initial clan strength. Coefficients are

either OLS or IV estimates where excess mortality is instrumented by soil suitability,

precipitation and temperature. The interaction between excess mortality and cohort is

instrumented by the corresponding variables and the interaction of cohorts. Standard

errors are clustered at county level.
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Table 6: IV for triple-differences

Triple Differences

(1) (2)

OLS (Balanced Sample) IV

Mortalityc × Cohortt ×HighClanc 0.500∗ 1.589∗

(0.276) (0.865)

Mortalityc × Cohortt -0.104∗ -0.712

(0.0625) (0.716)

Cohortt ×HighClanc 0.0478 -0.730

(0.217) (0.469)

F-Statistic of excluded instruments 10.39

Adj R-squared 0.123 0.105

Observations 6435 6435

Mean of Outcome 6.454 6.423

Individual Controls ✓ ✓

Community FE ✓ ✓

Province-Cohort FE ✓ ✓

Notes: The sample consists of individuals from rural area, born between 1941 and 1970,

who never moved to another county, categorized by initial clan strength. Coefficients are

either OLS or IV estimates where excess mortality is instrumented by soil suitability,

precipitation and temperature. The triple interaction and the interaction term involving

mortality are instrumented by the corresponding variables and the interaction of cohort or

/ and initial clan condition. Standard errors are clustered at county level.
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1.9 Appendix

1.9.1 Identification Challenge with Graphic Demonstration

Cohort

Trust Score 1 0

Clan
1 8 7
0 5.5 5

(a) High Mortality Areas

Cohort

Trust Score 1 0

Clan
1 7 6.5
0 6 5.5

(b) Low Mortality Areas
Table : clan strength is orthogonal to contemporaneous political movement

If clan strength is orthogonal to contemporaneous political movement (e.g. Cultural

Revolution), the DD estimate from high famine intensity areas is unbiased. Shown in the

left table above, The effect from left table equals (8-7) - (5.5-5) = 0.5. The effect from

right table equals (7-6.5) - (6 -5.5)=0. The total magnitude will be 0.5-0 =0.5

However, if high clan strength induces high revolutionary intensity ( harm trust

disproportionately) and impacts cohorts overlapping with our exposed cohorts, the DD

estimates is biased. Shown in the table below, the estimate of samples from High

mortality areas is 0.3, downward bias from the real effect. Nevertheless, If we adjust the

estimate with samples from low mortality areas, Our DDD strategy will give us an

unbiased estimate : {(7.6-6.8) - (5.5 -5)} - {(6.6-6.3) - (6-5.5)}=0.5.

Cohort

Trust Score 1 0

Clan
1 7.6 6.8
0 5.5 5

(a) High Mortality Areas

Cohort

Trust Score 1 0

Clan
1 6.6 6.3
0 6 5.5

(b) Low Mortality Areas
Table : clan strength is not orthogonal to contemporaneous political movement
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The main challenge to our DDD strategy is cohort-varying county (or lower level) factors

that simultaneously affect trust and famine - clan interaction. For example, {(7.6-6.8) -

(5.5 -5)} - {(6.2-6.1) - (6-5.5)}= 0.7, which is biased.
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Figure A1: Trust Circles
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Figure A2: Genealogy Books
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Figure A3: Distribution of Genealogy Books normalized by Population

Note: The county-level clans are measured by the number of genealogy books before 1950 divided
by population in 1953, in log form.
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Figure A4: Distribution of County-Level Excess Mortality During the Great Chinese Famine
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Figure A5: In Sample (CFPS) Mortality Fat Tail

Note: National mean is 0.808, national median is 0.34, in sample mean is 0.89, in sample median is
0.43.
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Figure A6: Raw Trust Score across Mortality Levels

Note: The raw score of trust in neighbors by counties of high clan strength and low clan strength for
birth cohorts 1941 to 1976, across different mortality levels. Results are based on rural respondents
who stay in the origin places.
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Figure A7: Dynamic DID Effects by mortality level (in Sample Mean)
(a) High Mortality

(b) Low Mortality
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Figure A8: Dynamic Effects of Mortality Dummy (in Sample Mean) on Contemporary
Trust
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Chapter 2

Economic Impacts of China’s

Zero-COVID Policies

2.1 Introduction

The COVID-19 pandemic severely disrupted general economic activity as human

mobility was restricted, social gatherings were banned, and businesses were halted.

However, research that examines the effects of the pandemic on the economy has focused

primarily on specific areas, such as unemployment, consumer spending, labor demand, and

pollution. There is a demand for a comprehensive assessment of the economic

consequences of the pandemic and the corresponding anti-contagion policies. Additionally,

most of the research has focused only on the year 2020 and has not considered the

subsequent periods 2021 and 2022. Our paper aims to fill this gap.

In this paper, we compile a unique dataset of China’s COVID-19 risk level on

prefecture/county level, which is constructed based on big data provided by the State

Council of the People’s Republic of China (PRC). We examine the impact associated with

China’s COVID-19 policies on several salient economic indicators from 2020 to 2022.

Specifically, we analyze the effects on mobility, air pollution measured by the

concentration of fine particulate matter (PM2.5) and night lights. We rely on a
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difference-in-differences framework for identification, with the assumption that,

conditional on daily confirmed COVID-19 cases and other prefecture-day level controls,

the difference in economic indicators between regions with and without COVID-19

containment policies would remain stable over time.

From February 17, 2020, after one month of the pandemic outbreak and a series of strict

lockdown measures, China has utilized big data and established a nationwide risk-level

system, which aimed to contain the spread of the virus within communities while keeping

the economic costs to a minimum, also referred to as “zero-COVID” policy. To be specific,

China implemented a nationwide risk response system that mandated local officials to

classify communities into low-, medium-, and high-risk levels based on recent confirmed

COVID-19 cases and other factors. Areas rated as medium- and high-risk imposed more

stringent containment measures compared to low-risk areas, such as stay-at-home order,

mass testing, contact tracing and mobility restrictions. Therefore, the classification of an

area as risk or non-risk is closely linked to the stringency of the zero-COVID policies

enforced by local authorities.

It is important to evaluate the economic consequences of zero-COVID policy in the

context of both economics and politics. Zero-COVID policies are considered as the

Chinese government’s pilot experiment in using big data for national management and

crisis response.1 In 2021, China’s media outlets portrayed the low mortality rate from

COVID-19 as the success of this risk-level system. Moreover, China’s GDP growth rate

reached 8.1% in 2021. The Chinese government has been promoting their zero-COVID

policies as a model for the rest of the world to follow, claiming that it has been effective in

both preserving lives while maintaining economic growth. However, in 2022, the emergence

of the Omicron variant resulted in shutdowns of financial, manufacturing, and exporting

centers, including Shanghai, Shenzhen, Guangzhou, and Changchun, leading to the failure

of China’s zero-COVID policy to safeguard people’s lives and economic vitality (95).

1Check out the coverage provided by state-controlled media: https://www.tsinghua.edu.cn/info/1182/
51343.htm
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Using an original daily panel data at the prefecture/county-level on COVID-19 risk levels

collected from the website of the State Council, our study firstly shows that on average

the zero-COVID policy took 21 days to eliminate local COVID-19 cases in 2021, but it

took approximately 50 days in 2022. Our second finding reveals a 30% reduction in

inter-prefecture traffic flow after a prefecture has been classified as a Risk region in either

2021 or 2022. Furthermore, our study revealed that the probability of being classified as a

Risk region was positively and significantly associated with changes in PM2.5 and night

lights in 2021, while the effects of the zero-COVID policy are negligible. However, in 2022,

the zero-COVID policy led to a decrease in PM2.5 concentration by 1.17% and a

reduction in night lights by 7.7%. The differences in policy effects observed between 2021

and 2022 can be primarily attributed to differences in the stringency of the zero-COVID

policy. In 2022, with the emergence of the Omicron variant and stricter zero-COVID

policies, the negative policy effects on economic activities became significantly larger. Our

back-of-the-envelope calculations indicate that the zero-COVID policy caused China to

experience a reduction of around 3.9% in GDP in 2022.

The previous studies on COVID-19 pandemic in China have two limitations. First, the

majority of studies draw their conclusions focusing on lockdown policies in the early stage

of 2020 rather than zero-COVID policies in 2021 and 2022.2 To date, only one paper has

estimated the economic impacts using truck flows in 2020 and 2021 (33). However, it is

worth noting that the policy object under study in this paper is prefecture-level city

lockdown, rather than zero-COVID policy, therefore it could not account for less stringent

policies such as restrictions on human mobility, the establishment of body temperature

checkpoints, neighborhood sanitization, monitoring of suspected COVID-19 cases, and

other anti-contagious measures at the local community level. Second, they primarily

focused on the economic consequences of COVID policies from a single aspect.

(47; 64; 136) focus on the COVID-19 policies’ adverse effects on labor market outcomes

such as unemployment, wage, and labor market participation. Using high-frequency

2For example, see (52; 77; 54; 94). For a systemic review, see (84)
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transaction data, (31) provided evidence that the pandemic has caused a sharp decline in

consumption immediately after the COVID outbreak. (54) documented that the human

mobility restrictions imposed by Chinese government in the early phase of the pandemic

effectively controlled the spread of the virus. Despite the seemingly high economic and

social costs, researchers have also shown that the COVID-19 pandemic significantly

improved air quality and reduced environmental pollution (77; 20).

This paper makes three primary contributions. First of all, to be best of our knowledge,

our paper is the first empirical study that examines the economic impact of the

zero-COVID policy spanning from 2020 to 2022. We offer evidence of the heterogeneous

outcomes linked to the implementation of the zero-COVID policy during the three-year

pandemic. This research provides insight into the efficacy of the zero-COVID strategy in

contributing to China’s rapid economic recovery in 2021, and also highlights the

disruptions caused by the escalating pandemic and the frequent re-imposition of the

zero-COVID policy in 2022. Second, we compiled a unique dataset that reflects the

stringency of China’s zero-COVID policy. Our dataset provides daily risk level indices at

the county level in China from April 2021 to December 2022, including 2853 counties and

368 prefecture-level cities. Local governments have implemented various anti-contagion

policies based on risk ratings. The granularity of our dataset could provide new insights

and serve as a valuable tool for future research in general to better understand the

economic consequences of the pandemic and the zero-COVID policies in China. Lastly,

our paper contributes to the existing literature with an in-depth analysis of the economic

impact of the COVID-19 policies along three dimensions: human mobility, air pollution,

and night lights. The three outcomes in our research offer varying insights into economic

performance, such as transportation, manufacturing, and service sectors. Furthermore, the

inter-prefecture traffic mobility index and PM2.5 can be used as proxies for short-term

economic activities, particularly human mobility and factory productions. On the other

hand, night lights can be used as proxies for medium-term economic activities.
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The remainder of this paper is structured as follows. Section 2 details the policy

background and data. Section 3 delineates the identification strategy. Section 4 presents

the main results and performs robustness checks. Section 5 concludes.

2.2 Policies and Data

In this section, we cover basic facts and data source. Initially, we outline China’s

COVID-19 policies, encompassing lockdown and the zero-COVID. Then, we describe the

sources of data for mobility, pollution, and night lights. Finally, we describe the control

variables, which include daily confirmed cases and weather.

2.2.1 China’s COVID-19 Policy — Lockdown (Jan 23 — Feb 16, 2020)

With the initial COVID-19 outbreak in Wuhan in 2020, the Chinese government

implemented unprecedented prefecture lockdown to contain the virus. Stringent measures

were put in place in the locked-down prefectures, including the prohibition of traffic

leaving, the imposition of stay-at-home orders, and the enforcement of quarantine

measures. It’s worth mentioning that anti-contagion policies were also enforced in

prefectures without lockdowns, albeit with less strict measures compared to the

locked-down ones. According to (115), by February 16, 2020, more than 250 prefectures

had implemented such measures.3 Starting from February 17, 2020, the Chinese

government implemented a policy package to precisely contain COVID-19 transmission at

the community level. As a result, the central government no longer recommended

prefecture-level lockdowns, as they were considered too detrimental to the economy.

The “Lockdown” in this study is defined as China’s major COVID-19 policy from January

23 to February 16, 2020. Our data on lockdowns come from (77), who originally collected

from Wikipedia, various sources of news media and government announcements.

3“In all Chinese cities, the Spring Festival holiday was extended, and people were advised to stay at home
when possible, enforce social distancing and maintain good hygiene.” (77)
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2.2.2 China’s COVID-19 Policy — zero-COVID (Feb 17, 2020 — Dec

25, 2022)

Following the one-month-long enforcement of strict lockdowns and nationwide public

health interventions, the central government sought to revive the economy and loosen the

lockdown measures. (64). On February 17, Prevention Guidance for Novel Coronavirus

Pneumonia (version 5) was issued by the State Council and National Health Commission

of China.4 This guidance mandated local governments to classify COVID-19 risk at the

community level. Any community that reported COVID-19 cases would be categorized as

either a medium- or high-risk zone, and corresponding containment measures and closures

would be enforced. However, in principle, low-risk communities should only impose

quarantines on individuals traveling from medium- or high-risk areas and should not limit

the traveling of residents or economic activities. The objective of this policy is to

eradicate COVID-19 transmission at the local level by assigning each community a risk

level and implementing corresponding measures. This is commonly known as the

zero-COVID policy.

In order to comply with the guidance, starting from March 2020, the State Council of

China began to release a national COVID-19 risk level system on a regular basis through

its website. This system categorizes communities within the 2853 counties into high-,

medium-, or low-risk groups and updates on a daily basis. All zero-COVID policies,

including quarantine, closures of public places, travel restrictions, Travel QR Codes, etc.,

were implemented based on this system.5 The COVID-19 risk level system is viewed as a

pilot experiment in utilizing big data for national management and crisis response.6 In

particular, the risk level is reported by local governments and compiled by National Health

4Prevention Guidance for Novel Coronavirus Pneumonia (version 5): http://www.nhc.gov.cn/jkj/

s3577/202002/a5d6f7b8c48c451c87dba14889b30147.shtml
5Check out the news from State Council’s website: http://www.gov.cn/fuwu/2020-03/25/content_

5495289.htm
6Check out the coverage provided by state-controlled media: https://www.tsinghua.edu.cn/info/1182/

51343.htm
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Commission of China.7 The criteria used to designate a community as either a Risk or

non-risk area are based on the presence of confirmed cases of COVID-19 reported within

recent days. It is important to note that local officials have some flexibility to adjust the

coverage range of medium- or high-risk areas. In cases of overreaction, neighboring

communities without any cases may still be classified as medium- or high- risk.

Our data on risk level information are drawn from China’s COVID-19 Risk Level Dataset,

a newly constructed dataset containing COVID-19 risk level information for communities

within the 2853 counties on a daily basis from April 02, 2021 to December 15, 2022, which

marks the end of the zero-COVID policies. This information was collected from the State

Council’s website (see Appendix A for more details). To the best of our knowledge, this is

the first dataset to document China’s county-level daily implementation of the

zero-COVID policy during 2021 and 2022.8 We define a county as Risk region on a given

day if it contains at least one community categorized as medium- or high- risk according

to the aforementioned criteria. We define a prefecture as Risk region on a given day if at

least one community within it is categorized as Risk area.

Table 1 shows that on average, from April 02, 2021 to December 15, 2022, 74 counties

were classified as Risk regions on a daily basis. Averagely, each county was classified as

Risk region for a duration of 16 days by December 15, 2022 (the end of zero-COVID).

Figure 1 shows that the aggregate nationwide daily confirmed cases correlates positively

with number of counties with Risk areas.9 Furthermore, we have noticed a steep rise in

the number of counties categorized as Risk regions beginning in July 2022, while the

number of confirmed cases experienced a sharp surge starting only after October 2022.

These trends suggest that, comparing to 2021, local officials may be more inclined to

enforce stricter zero-COVID policies or potentially overreact with their policies in

7The term “risk” used in this context is distinct from its traditional usage in economic research, which
involves prediction and expectation. Here, “risk” refers to the assessment of COVID-related risk based on
the current presence of COVID-19 cases.

8The previous research mainly focus on 2020 or lockdowns, rather than 2021 and 2022 or zero-COVID.
9Shanghai is excluded from the sample due to a skyrocketed increase in COVID-19 cases during April

2022.
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response to the more transmissible Omicron variant in 2022. This finding is further

supported by Figure 2, which illustrates a comparison between the green bar and blue

bars. The results show that in 2022, there were much more counties classified as Risk

regions for longer duration compared to 2021. Additionally, Figure A2 indicates that only

a small fraction of counties were classified as Risk regions in 2021, whereas by the end of

2022, 1700 out of 2853 counties were classified as Risk regions.10

There are three things worth noting. Firstly, our binary variable of a county classified as

Risk or non-risk region does not differentiate the level of intensity of treatment. For

instance, a county with only one community designated as Risk area and another county

with 100 communities designated as Risk areas are likely to receive varying impacts from

zero-COVID policies. Although there will be differences in the treatment, we are unable

to distinguish between them. Secondly, our risk level data does not provide information on

the specific zero-COVID policies implemented in each county. For example, if two counties

with the same number of communities are classified as Risk areas, County A may require

all residents to stay home, while County B may only quarantine individuals who have

tested positive for COVID-19. The bottom line is that as long as a county/prefecture is

categorized as Risk region, corresponding zero-COVID policies will be implemented in this

region. Finally, a prefecture-wide lockdown remains as an option within the zero-COVID

policy framework for the years 2021 and 2022,11 despite variations in official terminology

like “citywide static management”, “silence period” and so on. Our research does not aim

to differentiate between lockdown and other aspects of the zero-COVID policy during 2021

and 2022. Instead, we regard our estimates as capturing the average impact of a range of

interventions, including both stringent measures like lockdowns and milder restrictions.

10See Panel B of Table 1
11Prominent cities such as Xi’an and Shanghai implemented lockdown measures, with Xi’an being in

lockdown for approximately a month starting from the end of 2021, and Shanghai undergoing a lockdown
for about four months during the first half of 2022.
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2.2.3 Mobility

We use the data from the Baidu Qianxi (Migration) website, which is publicly shared

by (83), to construct our measures of human mobility. Baidu is the largest search engine

in mainland China. Their migration data are based on real-time location records for every

smart phone that uses the company’s mapping app, and thus can accurately reflect

population mobility between cities.

The Baidu Qianxi data set covers 120,142 pairs of prefecture-level cities per day for 364

such cities. For each prefecture-level city, Baidu Migration provides the following two sets

of information: (1) the top 100 origination cities for the population moving to the target

city and the corresponding percentages of the inflow population that originated from each

of the top 100 origination cities; (2) the top 100 destination cities for the population

moving out of the city and the corresponding percentages of the outflow population that

go into each of the top destination cities (54). The mobility data used in this research

cover the periods from January 1, 2020, to March 27, 2021 and from September 2, 2021,

to April 21, 2022.

To achieve our research objectives, we converted the raw mobility data into two daily

indices at the prefecture level: inflow mobility and outflow mobility. To compute the

inflow mobility index for a given prefecture-level city, e.g. City A, we averaged the outflow

values from all other cities directed toward City A, based on Baidu Qianxi data for a

specific date.12 Specifically, this average is derived from the percentages of outflow

population originating from cities that include City A in their list of top 100 mobility

destinations. Similarly, for the outflow mobility index, we followed the same procedure but

substituted inflow values for outflow values in the Baidu Qianxi data. When City A

implements the zero-COVID policy and assuming inter-city traffic among other cities

remains constant, the share of population mobility associated with City A relative to the

total population mobility of other cities is likely to decline due to imposed restrictions.

12In this context, the outflow mobility from other cities to City A is essentially considered as inflow
mobility for City A.
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This anticipated decrease would be reflected in the mobility indices we have devised.

2.2.4 PM2.5

The county-level weekly data on PM2.5 is derived from the Aerosol Optical Depth

(AOD) data, which are from NASA’s Global Modeling and Assimilation Office (GMAO)

released Modern-Era Retrospective analysis for Research and Applications, Version 2

(MERRA-2). Comparing to station-level PM 2.5 data, satellite data cover all the counties

in China and are widely used in economic research.13 The data is reported with a nested

resolution of 50km × 60km at a hourly base. Firstly, the grid-level PM2.5 concentration is

computed using the formula provided by (22). Next, to achieve a higher resolution, we

split each grid into smaller grids of 5km x 6 km using an upsampling method.14 Lastly, we

adopt the Raptor Join method described in (119) to aggregate the data from the smaller

grids into county-level for each hour and compute the weekly sum for each county.15

2.2.5 Night Lights

China’s government has not released any county or prefecture-level GDP data for the

years 2020 to 2022. Even if such data were available, there are concerns about the

possibility of manipulation and over-reporting (96; 9). To obtain a consistent measure of

local economic activity across China, we utilize visible lights emitted from the Earth’s

surface at night as a proxy — night lights (nighttime light) data have already been

recognized to be capable of accurately capturing changes in local economic activity (79).16

We obtain the night lights data from the Visible Infrared Imaging Radiometer Suite

(VIIRS) on a monthly basis,17 covering the period from 2019 to September 2022. To filter

13see (59; 34; 117).
14If we do not upsample, there will be missing values for some counties that are smaller than 50km ×

60km in size.
15To account for the daily air pollution’s high volatility, we follow (77) and aggregate the PM 2.5 at the

weekly level.
16Also see (76; 120; 78) and (49) for a comprehensive review of economic literature using night lights as

proxy for economic actives.
17See (50). The raw data from VIIRS is at monthly basis.
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out noise from sources such as aurora, fires, and other temporary lights, we employ a

threshold of 0 and 1.5(µ+ 3σ), following (93; 60).18 The spatial resolution of VIIRS image

data is 413m, the absolute radiation values in the unit of Watts/cm2/sr (32). We use the

same Raptor Join method describe in the PM 2.5 section to aggregate the grids at county

level by month.

2.2.6 Weather Data

We obtain the weather data including precipitation and temperature from Global

Historical Climatology Network form the National Oceanic and Atmospheric

Adminictration (NOAA).19 We use the inverse distance weights to calculate the daily

prefecture-level weather data.

2.2.7 Daily Confirmed COVID-19 Cases

We gather the daily confirmed COVID-19 cases provided by the Dingxiangyuan

website, which compiles official daily COVID-19 cases at the prefecture level.

2.3 Identification

Our empirical analysis relies on two sets of difference-in-differences (DiD) models to

identify the impact of the zero-COVID policy on the pandemic’s dynamics during local

outbreaks and its subsequent influence on various measures of economic activity, including

traffic mobility, air pollution, and night lights. We employ a DiD specification as our

baseline regression to estimate the relative change in the outcome variable between the

treated and control groups. The model is specified as follows:

Yit = βDit +Xit × α+ µi + θt + εit

18See Figure A3, an example of filtered data of Night Lights in March 2022 obtained from VIIRS, combine
with the shapefile of China’s county boundary.

19See (100)
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where Yit represents the outcome variable of interest in region (prefecture or county) i

during period (day, week or month) t. Dit is a dummy variable indicating the treatment

status in region i at time t, where it equals 1 if any community within this region is

classified as a Risk area and 0 otherwise. Regions with Risk areas would be subject to the

enforcement of zero-COVID policies. Xit are the control variables. µi represents

prefecture (county) fixed effects, which control for time-invariant prefecture (county)-level

factors, and θt represents time fixed effects, which control for shocks that are common to

all regions during a given time period.

The underlying assumption for the DiD estimator is that the zero-COVID policy

implementation is not driven by unobserved factors that could also systematically

influence the differences in outcome variable between regions with Risk areas and regions

without Risk areas. This assumption is unverifiable as it requires knowledge of the

counterfactual scenario, but we can investigate whether the parallel trends assumption is

satisfied before the date when any areas within these regions were classified as Risk areas.

To do so, we performed an event study approach to estimate the dynamic effect of the

treatment. Moreover, we can understand how long the treatment effect persists. Our

model is as follows:

Yit =
∑
k ̸=−1

βkD
k
it +Xit × α+ µi + θt + εit

where Dk
it represents the indicator for i’s treatment status at k periods relative to period

t. It takes a value of 1 if region i has any areas classified as Risk was k periods relative to

period t and 0 otherwise. We exclude k = −1 so that the dynamic effect is compared to

the period immediately before initial treatment. The parameter of interest βk estimates

the effect of zero-COVID policy k periods after/before the implementation. We expect the

pre-trends to be parallel, as βk would not be significantly different from zero for k ≤ −2.

Intuitively, economic activities were restricted by the zero-COVID policy in the enforced

regions and slowly recovered after the implementation was over, thus we expect βk to be
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negative for k ≥ 0 and converge to zero as k increases.

To investigate the heterogeneity of the effect of the Lockdown and zero-COVID policy

over time, we perform separate DiD regressions and event studies for the years 2020, 2021,

and 2022. As in some regions the zero-COVID policies were triggered multiple times

across 2021 and 2022, we exclude the regions that have already been classified as Risk

during 2021 from our subsample used in the analysis for year 2022.20 As the risk level

data is unavailable for 2020, we use the lockdown data from (77) to generate the

treatment status for year 2020. In the following sections, we present our empirical results

for different outcome variables and provide more details on the regression specifications

used for our analysis.

2.4 Results

2.4.1 COVID-19 Cases

Before we examine the economic consequences of zero-COVID policies, we apply an event

study approach to examine the dynamic effects of the risk level on COVID-19 cases in

China, with the goal of examining the trends in COVID-19 cases before and after the

implementation of the zero-COVID policy and estimating the average time it took from

the launch of zero-COVID policy to when the outbreak was under control. To achieve

this, we estimate the following model:

Caseit =

−2∑
k=−30

βkD
k
it +

50∑
k=0

βkD
k
it + µi + θt + εit

where Caseit represents confirmed COVID-19 cases in prefecture i at date t. Dk
it

represents the indicator for prefecture i’s treatment status at k periods relative to date t.

20We did not exclude regions that have experienced lockdown in 2020 in any of these regressions, because,
in fact, almost all prefectures in China implemented some level of restriction in mobility during the initial
outbreak of the pandemic. On the other hand, the share of regions that were at Risk during 2021 is relatively
small so the subsample after excluding these regions could still be representative.
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Given the potential reverse causality between COVID-19 cases and risk level status and

potential anticipation21, we are not estimating a causal impact, but examining the

correlation. The coefficient of interest βk estimates the correlation between the status of

Risk or non-risk k periods after/before the risk level classification and the daily confirmed

COVID-19 cases. The dynamic effect results are displayed in Figure 3.

We begin by presenting the dynamic effect of the 2020 lockdown implementation in

Figure 3a. Prior to the lockdown, the dynamic effect is negative. Subsequently, the effect

remains positive for approximately 50 days after the initial lockdown, and reaches its peak

at 40 around 21 days later, before starting to decline towards 0. It is unsurprising to

observe a surge in daily confirmed cases following a lockdown, as extensive COVID-19

testing is likely to start after the lockdown is imposed when the virus has already spread

for some time. As a result, the daily confirmed cases during the weeks following the

lockdown tend to be higher on average than before it. Additionally, the extensive

variation in the estimated dynamic effect and the predominantly insignificant estimators

suggest that some prefectures prefectures may have implemented precautionary policies

before potential increases in cases.

In Figure 3b and 3c, we present the results of our event study analysis for the years 2021

and 2022, respectively. Our findings suggest that the dynamic effect of zero-COVID policy

on COVID-19 cases differs over the two years. Specifically, in 2021, the dynamic effect

increases from day 0 to day 7 and then gradually declines, becoming negligible after day

21. In contrast, in 2022, the dynamic effect remains high for a more extended period, it

takes around 25 days to control the size of the pandemic to about 5 cases, and around 50

days to decrease the magnitude close to 0. The peak of the curve is also much higher than

in 2021, with an average of more than 10. Additionally, the variation of the dynamic effect

in 2022 is much larger than in 2021. These findings suggest that while some prefectures

were able to reduce COVID-19 cases quickly by implementing stringent measures

immediately after they were classified as Risk regions, others found it more challenging to

21See (65) for a review of challenges of causality identification in COVID-19 research.
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contain the spread of the virus effectively in 2022.
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Overall, these findings suggest that the risk level policy in China has been effective in

controlling the spread of COVID-19 in 2021, with the number of cases peaking shortly

after the initial intervention and declining afterwards. However, in 2022, the emergence of

new virus variants, such as the Omicron, poses challenges to the effectiveness of the policy,

as it took much longer to control the pandemic in 2022 compared to 2021.

Additionally, these results highlight the considerable variation in the implementation of

the zero-COVID policy across different regions in China, with some prefectures

experiencing a rapid decline in cases immediately after being classified as Risk regions,

while others had a slower decline or even an increase in cases before a decline.

2.4.2 Traffic Mobility

Next, we investigate the effect of the zero-COVID policy on mobility. Our models are

as follow:

Mobilityit = βDit +Xit × α+ µi + θt + εit

Mobilityit =
−2∑

k=−30

βkD
k
it +

50∑
k=0

βkD
k
it +Xit × α+ µi + θt + εit

where the dependent variable Mobilityit has two measures: inflow and outflow traffic

mobility index at prefecture i on date t, taking the natural log. For the sample period of

2020, Dit is an indicator variable for lockdown or not.22 For the sample period of 2021 or

2022, Dit is a binary variable equal to 1 if any community within this prefecture i at date

t is classified as a Risk area and 0 otherwise. We control prefecture fixed effects by µi and

date fixed effects by θt. It should be noted that the timing of the risk level classification

and the adoption of corresponding zero-COVID policies may be correlated with the

severity of COVID-19. We therefore include daily confirmed COVID-19 cases in the

matrix of prefecture-day level controls Xit. We also include weather factors in Xit. The

22For the sample period of 2020, we use similar setting with (77)
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standard errors are clustered at the prefecture level. We estimate the effect of the

zero-COVID policy on mobility separately for year 2020, 2021, and 2022.

The DiD regression results in Table 2 show that the impacts of the zero-COVID policy on

inflow and outflow mobility in 2021 and 2022 are significantly negative. However, the

impact of lockdown on mobility in 2020 is negligible. In columns (3) and (4), the

coefficients for both inflow and outflow traffic mobility during 2021 and 2022 are

approximately -0.3, indicating a 30% decrease in traffic flow between a prefecture and

other prefectures after it is listed as Risk region. This result is significant at the 1% level.

In columns (1) and (2), the magnitude of the coefficient is only around -0.02, suggesting

only a 2% change in traffic mobility, which is not significant. The R-squared for all

regression specifications indicate that the models explain a considerable proportion of the

variance, lending credibility to our estimation.

We present the dynamic effects of the lockdown and zero-COVID policy implementation

on inflow and outflow traffic mobility in Figure 4 and 5, respectively. The patterns are

similar for the two sets of figures within the same year. Figures 4a and 5a display the

dynamic effect of lockdown on inflow and outflow mobility in 2020. There is no significant

trend in the pre-treatment periods, indicating that the treatment does not affect mobility

before the launch of the lockdown. Both mobility measures experienced a significantly

negative effect immediately after the lockdown and stopped the decreasing trend within

one week. There are sharp increases in mobility that happened during the third week after

the lockdown, which may be due to the fact that the lockdown duration in 2020 was

clustered around 20 days, and the mobility increase reflected the lifting of restrictions.

This pattern help us to explain the insignificant lockdown effect in Table 2, On average, a

significant positive rebound in traffic flow during the third week offsets the negative effects

observed in the first two weeks.

In Figure 4b and 5b, we present the effect of zero-COVID on inflow and outflow mobility

in 2021. The figures show a significantly negative effect that occurs immediately after the

prefectures were classified as a Risk region, remains at a large effect size for around 15
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days, and gradually returns to null around 30 days after the initial treatment. Regarding

the impact of zero-COVID policy on mobility in 2022, as displayed in Figure 4c and 5c, we

observe almost an identical pattern as in 2021, while the magnitude of the dynamic effects

in 2022 was larger than in 2021 at its peak.

There are two possible reasons to explain this phenomenon. Firstly, it could be due to the

more stringent implementation of the zero-COVID policy, which led to greater restrictions

on mobility. Secondly, the release of the Travel Codes Tracker system could have also

contributed to this effect by limiting travel and mobility across regions. In early 2020,

despite the virus being more lethal, only individuals traveling from Wuhan were required

to undergo quarantine 23. However, in 2021 and 2022, anyone with a travel history to

medium- or high-risk areas within 14 to 21 days were required to undergo mandatory

quarantine at their own expense. Individuals would be tracked by the combination of

Travel Code and the risk level system 24. With the higher expected cost for traveling, it is

reasonable to observe larger negative effect on the inter-prefecture traffic flow in 2021 and

2022, as compared to 2020.

In all event studies in 2021 and 2022, we observe that the pre-trend has a dip around 3

days before the enforcement of the zero-COVID policy. This suggests that people observed

the COVID-19 cases and voluntarily avoided entering and leaving the region.

Nevertheless, we believe that this will not harm the credibility of our DiD estimation as

the scale of the pre-treatment change due to anticipation is relatively small compared to

the post-treatment changes in inter-prefecture traffic mobility.

It is important to note that the impact of zero-COVID policy on traffic mobility may vary

across regions, depending on the severity of the pandemic and the specific measures taken

to restrict mobility. Nonetheless, our results suggest that the zero-COVID policy has been

effective in restricting inter-prefecture mobility, which could contribute to controlling the

23See Prevention Guidance for Novel Coronavirus Pneumonia (version 4): http://www.nhc.gov.cn/xcs/
zhengcwj/202002/573340613ab243b3a7f61df260551dd4/files/c791e5a7ea5149f680fdcb34dac0f54e.pdf

24See the reports on China’s truck drivers stuck in the quar-
antine rules and QR trackers:https://www.reuters.com/world/china/
china-truckers-use-fake-travel-records-clean-drivers-dodge-covid-rules-2022-03-30/
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spread of the virus, while also negatively impacting the transportation industry and other

related sectors. It should be emphasized that the measured effect is a combination of the

traffic restriction effect and the “voluntary” precaution effect of the Travel Code tracker

system. Furthermore, since the outcome variables are inter-prefecture traffic flows, the

effect could not be attributed to within-prefecture traffic.

2.4.3 Pollution

We proceed by examining the influence associated with the zero-COVID policy on

PM2.5 concentration levels in China from 2020 to 2022. Specifically, we fitted the

following equations:

Pollutionit = βDit +Xit × α+ µi + θt + πit,jm + εit

Pollutionit =

−2∑
k=−5

βkD
k
it +

5∑
k=0

βkD
k
it +Xit × α+ µi + θt + πit,jm + εit

where Pollutionit represents the average PM2.5 concentration level at county i during

week t, taking natural log. Here, we aggregate the hourly PM2.5 data into week level to

average out the high volatility of the daily air pollution, following (77). For the sample

period of 2020, Dit is a indicator for lockdown launched in county i during week t or not.

For the sample period of 2021 or 2022, Dit is a binary variable equals 1 if any community

within county i during week t is classified as a Risk area and 0 otherwise. We control

county fixed effects µi and week fixed effects θt. Xit include daily confirmed COVID-19

cases and weather factors such as temperature and precipitation. πit,jm denotes prefecture

by month fixed effects, taking value of 1 for any county i within prefecture j during month

m including week t and 0 otherwise. We control prefecture by month fixed effects to

account for time-variant regional conditions shared by counties within the same prefecture

in a given month. The standard errors are clustered at the county level.
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Table 3 reports our DiD regression results. In column (1), we replicate the estimations

used in (77) and estimate the impact of lockdown on PM2.5 pollution levels in 2020. Our

result is similar to theirs. In columns (2) - (5), we estimate the influence of implementing

the zero-COVID policy on PM2.5 pollution levels in 2021 and 2022 and our results show

an ambiguous policy effect.

Different from the lockdown effects found in column (1) of Table 3 in 2020, our findings

suggest that the zero-COVID policy may not significantly reduce pollution levels in 2021.

Column (2) shows a significantly positive correlation between the implementation of

zero-COVID policy and PM2.5 concentration in the baseline regression. We further

control for prefecture by month fixed effects in column (3), and the coefficient remains

significantly positive but with a smaller magnitude. This suggests that potential

time-variant prefecture-level factors that are positively correlated with the risk level status

may contribute to the positive change in PM2.5 pollution level. Moreover, some time

varying county-level factors might be correlated with both the probability of being

classified as Risk region and pollution concentrations. For example, Urban counties may

have a higher chance of being classified as Risk regions and may also experience faster

increases in PM2.5 pollution levels than their rural counterparts due to their larger

number of manufacturers and motor vehicles that elevate PM2.5 pollution. Overall, in

2021, county-specific growth trend of pollution appears to outweigh the influence of the

zero-COVID policy.

In columns (4) and (5), we find that the policy effects become significantly negative in

2022. The zero-COVID policy reduces the PM2.5 concentration by 1.2% to 3.5%. This is

expected because the zero-COVID policy imposes more stringent restrictions on economic

activities in 2022. As a result, similar to the scenario in 2020, counties with Risk areas

experienced a significant reduction in PM2.5.

To further explore the influence of zero-COVID policy on pollution levels, we present our

event study analysis in Figure 6. We first replicate the model of (77) in Figure 6a for the

dynamic effect of lockdown policy on pollution levels in 2020. Then we perform event
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studies for 2021 and 2022. Figure 6b illustrates the dynamic effect of zero-COVID on

PM2.5 concentration in 2021, showing a slightly decreasing trend after the counties were

classified as Risk areas, but with an increasing trend starting from week 3, and a positive

and significant effect in weeks 4 and 5. In contrast, Figure 6c shows that in 2022, the

treatment effects is negative in the first three weeks after the counties are categorized as

Risk region. In both figures, the pre-trends are consistent with the parallel trends

assumption as the coefficients prior to the treatment are all close to zero and statistically

insignificant. Combining the results from our baseline DiD regression, we find that the

zero-COVID policy in 2021, unlike the strict lockdown implementation in 2020, does not

bring substantial improvement to air pollution levels as the restriction imposed by

zero-COVID policy is limited within a county rather than the entire prefecture. However,

the change in PM2.5 concentration becomes larger and more significant when counties are

categorized as Risk regions with more stringent zero-COVID policy, as seen in 2022.

As discussed in (122), the event study approach requires relatively strong assumptions on

the homogeneity of treatment effect, especially over time and across individuals, to deliver

consistent estimates. These assumptions are likely to be violated in our context of

zero-COVID policy, as the treatments are implemented across multiple time periods and

local government could endogenously choose the stringency of their policy implementation

and result in heterogeneous treatment effects. In order to overcome this potential

identification issue and allow for heterogeneity in treatment effects, we apply the method

proposed by (122) and present the robust estimators in our figures. In Figure 6, it can be

observed that the robust estimators follow a similar pattern to the regular dynamic effect

estimators and our results are robust to the potential heterogeneous treatment effects.

In conclusion, our findings reveal ambiguous effects of the zero-COVID policy on PM2.5

concentration level in 2021 and 2022. In 2021, when the zero-COVID policy was less

stringent, the county-specific growth trend of pollution appears to outweigh the influence

of the zero-COVID policy. In 2022, with the more stringent implementation of the

zero-COVID policy, it took an average of three weeks for PM2.5 concentration to return
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to its original level. This suggests a corresponding three-week decrease in industrial

production and traffic flow within the county. It is worth noting that during 2021 and

2022, COVID-19 containment was prioritized over environmental protection. As a result,

when counties were categorized as Risk regions, local governments may have relaxed

environmental restrictions, leading to increased pollution. This could potentially lead us

to overestimate the change in pollution level associated with the implementation of the

zero-COVID policy.

2.4.4 Night Lights

Finally, we present empirical evidences related to night lights (nighttime light). We

use the following models:

NightLightit = βDit +Xit × α+ µi + θt + πit,j + εit

NightLightit =
−2∑

k=−5

βkD
k
it +

5∑
k=0

βkD
k
it +Xit × α+ µi + θt + πit,j + εit

where NightLightit represents the night lights level at county i during month t, taking

natural log. For the sample period of 2020, Dit is an indicator for lockdown launched in

county i during month t or not. For the sample period of 2021 or 2022, Dit is a binary

variable equal to 1 if any community within county i during month t is classified as a Risk

area and 0 otherwise. We control county fixed effects µi and month fixed effects θt. Xit

include daily confirmed COVID-19 cases and weather factors. We also include prefecture

by month fixed effects for robustness, where πit,j denotes prefecture by month fixed effects,

taking a value of 1 for any county i within prefecture j during month t and 0 otherwise.

Similar to the effects on PM2.5, we found divergent effects of the zero-COVID policy on

night lights over the sample periods, which are presented in Table 4. In column (1), we

find the lockdown implementation has a significantly negative coefficient at -0.0391, which

implies counties that underwent lockdowns in 2020 had a 4% decrease in night lights
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compared to counties that did not implement lockdowns. In columns (2) and (4), we

report the estimations for the zero-COVID policy in 2021 and 2022. In 2021, we observed

a positive correlation between the implementation of the zero-COVID policy and the

changes in night lights, while in 2022, the zero-COVID policy reduced 14% economic

activities proxied by night lights. In 2021, compared to the county-specific economic

growth trend, the change in night lights associated with the less stringent zero-COVID

policy in 2021 was negligible, as it only imposed restrictions in a limited number of

communities within the county. However, in 2022, with the emergence of the highly

contagious Omicron variant, the zero-COVID policy became stricter and seriously

disrupted economic activities. We show the robustness of our results in columns (3) and

(5) by controlling for prefecture by month fixed effects, and find that the coefficients

remain statistically significant at the 1% level.

The dynamic effect results in Figure 7 provide further support for our argument. To allow

for heterogeneity in the treatment effect over time and across treated units, we include the

robust estimators of (122) in the figures. In 2020, lockdowns occurred mostly during the

early phase of the pandemic, severely affecting the economic environment and consumer

confidence. As shown in Figure 7a, the negative impact of lockdown on the night lights

was significant and persistent, lasting more than five months after the event date, with no

signs of recovery. In 2021, shown in Figure 7b, a slight increasing trend of night lights is

associated with the probability that a county is categorized as a Risk region. A possible

explanation is that counties that had more active economic performance were more likely

to be classified as Risk regions while also experiencing faster economic recovery. However,

in 2022, as shown in Figure 7c, the decreasing trend was evident, with all treatment effects

negative and significant after the implementation of the zero-COVID policy. The

magnitude of the negative impact continued to expand until four months after the county

was categorized as a Risk region, with no complete recovery observed. This implies that

the zero-COVID policy in 2022 brought persistent negative impacts to local economies,

which may have contributed to the end of the era of zero-COVID policy and the reopening
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in December 2022.

It should be noted that, in Figure 7b, we observe positive pre-trend and post-trend that

are significantly away from zero. This indicates that, compared to the difference in night

lights between the treated and control groups in the baseline period t = −1, these

differences in night lights are larger between two groups in periods at least two months

before or after the implementation of the zero-COVID policy. As the zero-COVID policy

is unlikely to bring more economic opportunities to the region due to its nature of

suppressing human activities, this result could be explained by the positive correlation

between the likelihood that a county will be classified as a Risk region and its

county-specific economic growth trend in 2021. As shown in Figure A2a, only a small

proportion of regions in China experienced the zero-COVID policy in 2021. It is plausible

that a county in a more economically developed prefecture could enjoy a stronger recovery

from the pandemic shock in 2020 and display a higher economic growth rate in 2021.

Meanwhile, such prefectures were more likely to experience a pandemic outbreak in 2021.

As shown in previous Section 4.1 as well as in Figure 2, the COVID-19 outbreaks in 2021

were usually on small scales and the zero-COVID policy in 2021 lasted for relatively short

periods. Therefore, the persistent impact of the zero-COVID policy could be very limited

in 2021. As a result, these counties could pick up the economic growth trend from the

disruption of the zero-COVID policy quickly and continue with strong economic

performance even after the zero-COVID policy. This potentially explains the positive

estimated influence of the zero-COVID policy on night lights in 2021, as shown in columns

(4)-(5) of Table 4, as well as the upward trend of dynamic effects after the treatment of

zero-COVID in Figure 7b.

We provide back-of-the-envelope calculations of the GDP loss caused by the zero-COVID

policy in 2022. We replicate the original dataset used in (96) and calculate the elasticity

between GDP and night light. The calculation shows that a 1% change in night lights

corresponds to a 0.858% change in China’s GDP. Then, as shown in Panel B of Table 1,

by the end of December 2022, zero-COVID policies had been implemented in 1700 out of
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2853 counties in China. Finally, based on our calculation, the economic loss can be

estimated as 0.077 ∗ 0.858 ∗ 1700/2853 = 0.039,25 suggesting that the zero-COVID policy

resulted in a reduction in China’s GDP of approximately 3.9%. Interpreting the results

from this back-of-the-envelope calculation should be approached with caution due to two

major limitations: (1) the estimated policy effects derived from the DiD setting may be

subject to bias due to spillover effects; (2) the elasticity estimated from the data of (96)

does not consider the regional heterogeneity within China. In the presence of

heterogeneity between counties affected by the zero-COVID policy and counties not

affected, this calculation could be inaccurate.

2.4.5 Spillover Effect Results

When two adjacent regions exhibit a close economic linkage, the implementation of

human activity restrictions, such as a zero-COVID policy, in one region could exert an

impact on activities in the other. This spatial correlation poses a potential bias in our

difference-in-difference estimation. To isolate the spillover effects of zero-COVID policy in

neighboring regions, we introduce a control variable for adjacent treated areas, following

the spirit of literature on spillover effects in difference-in-difference settings (42), as well as

on peer effects (62). Specifically, we define a control variable termed “Neighbors Risk” as

follows:

Neighbors Riskit =

∑
j∈I\iDjtRij∑

j∈I\iRij

where for any two regions i, j ∈ I at any period t, Djt is a dummy variable for whether j

is under the zero-COVID policy at t, Rij is a dummy variable for whether a pair of

prefectures i, j is neighboring. Consequently, Neighbors Riskit calculates the proportion

of neighboring regions implementing a zero-COVID policy relative to all adjacent regions

for a given region i at time t.

25We choose policy effect as .077, from Column 5 of Table 4
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We incorporate this constructed “Neighbors Risk” variable, along with its lagged terms,

into the primary regression models presented in prior sections. Note that to fully capture

the potential spatial correlation, a spatial econometric model, such as Spatial Durbin

model (SDM) is desired. Our approach only accounts for the proximate (lagged) spillover

effects from zero-COVID policies in neighboring regions during 2021 and 2022. The

resulting regression results for mobility, pollution, and night lights are presented in

Table 5, Table 6, and Table 7, respectively.

In columns (1), (3), (5), and (7) of Table 5, we present the baseline estimates initially

showcased in Table 2. Correspondingly, columns (2), (4), (6), and (8) offer estimates of

local policy effects on traffic mobility that are robust to spillover influences. Across all

these specifications, the local estimates exhibit only negligible variations when compared

to the original findings. There is no statistically significant negative spillover effect from

adjacent zero-COVID policies in 2021. However, a notable negative impact emerges in

2022, consistent with our earlier results that the stringent zero-COVID measures in 2022

exerted a more pronounced adverse effect on economic activities than those in 2021.

In columns (1) and (3) of Table 6, we offer the baseline estimates for pollution outcomes

from Table 3, while columns (2) and (4) include regression results accounting for spillover

effects. No substantive changes are observed compared to the original estimations, and

negative, statistically significant spillover effects are found for both 2021 and 2022. Given

that PM2.5 concentration data are extracted from satellite image and aggregated at the

county level, it is plausible that the implementation of a zero-COVID policy in a

neighboring county could reduce pollution levels in adjacent areas due to restricted traffic

mobility and manufacturing.

In columns (1) and (3) of Table 7, we present the baseline estimates for night light data

from Table 4 and include spillover-adjusted regression results in columns (2) and (4).

Again, the estimates remain substantively unchanged compared to the original findings,

and no statistically significant spillover effects on night lights are observed for either 2021

or 2022. This suggests that long-term economic activities, as reflected by night light data,
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are unlikely to be influenced by zero-COVID policies in nearby regions.

2.4.6 Synthetic Diff-in-Diff Results

As mentioned in Section 4.4, potential selection bias may exist within the treated

sample. Specifically, regions with greater economic development could be more susceptible

to experiencing COVID-19 outbreaks, thereby making it more likely for them to

implement the zero-COVID policy and consequently be included in the treatment group.

In estimating the impact of zero-COVID policy implementation on economic outcomes

like pollution and night lights, uncontrolled county-level time-varying trends could raise

concerns regarding the validity of our estimated results.

To enhance the comparability between the treatment and control groups in our empirical

examination of pollution and night lights, we conduct several auxiliary regressions

employing the Synthetic Difference-in-Differences (SDID) method, a fusion of the

Difference-in-Differences and Synthetic Control methodologies (10). The SDID approach

assigns weights to individual fixed effects and time fixed effects to approximate the

pretrends between the treatment and control groups, thereby mitigating the reliance on

the parallel trends assumption and generating more stable and robust estimates. It is

noteworthy that, to comply with the SDID framework, we keep a balanced sample,

resulting in a reduced sample size. We also disclose the outcomes of our primary

regressions utilizing the balanced sample in Table A1 and Table A2 for reference.

We present our SDID estimations for pollution and night lights in Table 8 and Table 9,

respectively. In column (1) of Table 8, the impact of lockdowns on PM2.5 concentration

remains significantly negative. In column (2) of Table 8, the estimated changes in PM2.5

following the initiation of zero-COVID policy retain the same sign as the original

estimate. In column (3), the estimated coefficient shifts from negative to positive, though

with a relatively small magnitude. These outcomes align with our prior findings presented

in the dynamic effect results of Figure 6. Specifically, local pollution showed a marked

decline post-lockdown in 2020; its trend began to rise a few weeks following the
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implementation of the zero-COVID policy in 2021; and in 2022, the pollution exhibited a

short-lived dip but did not sustain it.

In Table 9, we observe similar results for changes in night lights correlated with

zero-COVID policy, compared with the original estimates in Table 4. The estimated

coefficient for 2020 remains negative, though its statistical significance diminishes, while

the results for 2021 and 2022 retain their original signs and are statistically significant. In

summary, despite potential confounding factors involving the relationship between the

implementation of zero-COVID policy and pre-treatment economic trends, our SDID

estimations reaffirm the robustness of our primary regression outcomes and are consistent

with our other findings.

2.5 Conclusions

In this paper, we provide evidence on the economic impacts of the zero-COVID policy

implemented by the Chinese government as a pilot experiment in using big data for

country management from 2020 to 2022. We employ a difference-in-differences

specification with a novel dataset of China’s COVID-19 risk level system. First, we find

that the zero-COVID policy in China effectively contained COVID-19 transmission within

a 21-day window in 2021. However, controlling virus transmission took twice as long with

the emergence of the Omicron variant in 2022. Second, the zero-COVID policy led to a

30% reduction in inflow and outflow mobility, indicating a potential negative impact on

the transportation industry and related sectors. Third, our study indicates that the

zero-COVID policy had a negligible effect on pollution levels in 2021. Nevertheless, it led

to a decrease in PM2.5 concentration in the estimated range of 1.17% to 3.47% in 2022.

Lastly, the evidence reveals that the zero-COVID policy had trivial impacts on night

lights in 2021, which was overshadowed by the strong economic performance due to the

recovery effect. However, we discover a significant reduction in economic activities proxied

by night lights, ranging from 7.7% to 14%, as a result of the implementation of the
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zero-COVID policy in 2022. We calculate that the zero-COVID policy resulted in a

reduction of approximately 3.9% in GDP.

Several other countries pursued an elimination strategy like China, with strict border

controls and lockdowns to keep the virus at bay, for example, New Zealand, Australia,

Singapore, Vietnam, and Thailand. Studies generally show that COVID-19 has had a

negative impact on these economies, especially for the countries that rely heavily on

tourism and international trade (47; 24; 58; 109). Most countries experienced an economic

contraction during the initial stage of the pandemic, but were able to have a quick

rebound since their proactive response to the pandemic had effectively minimized cases

infected. An exact comparison of economic impacts between China and these countries,

however, is not feasible because the strictness of containment policies enforced by different

countries varies, and some countries shift their strategies in response to changing

circumstances at different times.

Overall, our findings offer important insights into the effectiveness and limitations of the

zero-COVID policy in controlling the spread of COVID-19, as well as its impact on

various aspects of the economy and society. These insights can inform the design and

implementation of big data-driven public health policies that aim to reduce the impact of

public health crises and minimize economic costs in China.
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2.6 Figures and Tables

2.6.1 Figures

Figure 2.1: Daily Confirmed Cases v.s. Number of Counties with Risk (excluding Shanghai)
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Figure 2.2: Distribution of Risk Duration per County
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Figure 3: Event Study: Daily Confirmed Cases
(a) Lockdown 2020

(b) Risk 2021 (c) Risk 2022
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Figure 4: Event Study: Inflow Mobility
(a) Lockdown 2020

(b) Risk 2021 (c) Risk 2022
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Figure 5: Event Study: Outflow Mobility
(a) Lockdown 2020

(b) Risk 2021 (c) Risk 2022
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Figure 6: Event Study: PM2.5
(a) Lockdown 2020

(b) Risk 2021 (c) Risk 2022

83



Figure 7: Event Study: Night Light
(a) Lockdown 2020

(b) Risk 2021 (c) Risk 2022
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2.6.2 Tables

Obs Mean Std.Dev Min Max

Panel A: County Panel ref.
Classified as Risk (County) 1777419 0.026 0.159 0.0 1
Night Lights (monthly) (Watts/cm2/sr) 45350 2.420 4.457 0.1 53
PM2.5 (weekly) (µ/m3) 253352 26.665 15.070 0.4 394

Panel B: County by Dec15,2022 ref.
Cumulative Days Classified as Risk (County) 2853 16.095 23.231 0.0 243
Cumulative Days Classified as Risk (Exclude Never Treated) 1700 27.011 24.716 1.0 243

Panel C: Prefecture Panel ref.
Classified as Risk (Pref) 229264 0.074 0.262 0.0 1
Share of counties Classified as risk (Pref) 229264 0.025 0.117 0.0 1
Num of Counties Classified as Risk (Pref) 229264 0.200 1.025 0.0 35
Daily Confirmed COVID Cases 657218 0.545 47.862 0.0 23718
Inflow Mobility 179041 0.281 0.313 0.0 4
Outflow Mobility 175695 0.281 0.321 0.0 5

Panel D: Prefecture by Dec15,2022 ref.
Cumulative Days Classified as Risk (pref) 368 46.220 41.815 0.0 250
Cumulative Confirmed COVID Cases 356 1001.298 5239.218 1.0 64978

Table 1: Statistical Summary
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2.7 Appendix

2.7.1 Appendix A: China’s COVID Risk Level Dataset

In order to comply with the Prevention Guidance for Novel Coronavirus Pneumonia

(version 5),26 starting from March 2020, the State Council of China began to release a

national COVID risk level system on a regular basis through their website. This system

categorizes communities within the 2853 counties into high, medium, or low-risk groups on

a daily basis. In specific, the risk level is reported by local governments and compiled by

National Health Commission of China.

This website had two access interfaces. Interface A on the left column of Figure A1 is a

search engine that allows users to obtain communities’ risk level results for a specific

county by entering its name. Interface B, located in the right column, displays all counties

that have communities classified as Risk along with their corresponding community

names. Counties that do not appear on this list are considered non-risk areas.27

We started risk level data collection through interface B since April 02, 2021 and ended by

Dec 15, 2022.28 29 The China COVID Risk Level Dataset contains daily risk level

information for 2853 counties from April 02, 2021 to December 15, 2022. This dataset is

the most systematic compilation of China’s risk level classification during 2021 and 2022.

Please visit this link to access the dataset.

26Prevention Guidance for Novel Coronavirus Pneumonia (version 5): http://www.nhc.gov.cn/jkj/

s3577/202002/a5d6f7b8c48c451c87dba14889b30147.shtml and a follow up guidance: http://www.gov.cn/
zhengce/zhengceku/2020-04/16/content_5503261.htm

27The web links for both pages have already expired. Interface A: bmfw.www.gov.cn/yqfxdjcx/index.html
and Interface B: bmfw.www.gov.cn/yqfxdjcx/risk.html

28The weblink of interface B expired on Dec 15, 2022. But the weblink of interface A was still active
until Dec 25, 2022, we collected the data between Dec 15 to Dec 25 through a third party website, http:
//bj.bendibao.com/ but did not integrate the last 10 days data into our dataset yet.

29We thank open-source projects BeautifulSoup and Selenium.
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Figure A1: Demo of State Council’s website for the Risk Level System.
(a) Interface A

12/23/22, 1:52 AM [卫生健康委]疫情风险等级查询_便民服务_服务_中国政府网

bmfw.www.gov.cn/yqfxdjcx/index.html 1/2

收藏

简 | 繁 | EN | 注册 | 登录

 

国务院 总理 新闻 政策 互动 服务 数据 国情 国家政务服务平台

首页 > 服务 > 便民服务 >  [卫生健康委]全国疫情风险区域

常态化防控区域

截至2022-12-23 09时

有关信息来自各地确定的疫情风险等级

本服务由国家卫生健康委提供

行政区域选择

北京 天津 河北 山西 内蒙古 辽宁 吉林 黑龙江 上海 江苏 浙江

安徽 福建 江西 山东 河南 湖北 湖南 广东 广西 海南 重庆

四川 贵州 云南 西藏 陕西 甘肃 青海 宁夏 新疆 新疆 香港

澳门 台湾

上海市

上海市

上海市

黄浦区 徐汇区 长宁区 静安区 普陀区 虹口区 杨浦区 闵行区 宝山区 嘉定区 浦东新区

金山区 松江区 青浦区 奉贤区 崇明区

(b) Interface B

Figure A1:

Notes: The web links for both pages have already expired.
Interface A: bmfw.www.gov.cn/yqfxdjcx/index.html

and Interface B: bmfw.www.gov.cn/yqfxdjcx/risk.html
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Figure A2: Geographical Distribution of counties with Risk
(a) Risk 2021

(b) Risk 2022
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Figure A3: Night Lights in March 2022

Figure A3:

Note: This is the filtered data of Night Lights in March 2022 obtained from VIIRS, combine
with the shapefile of China’s county boundary.
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Chapter 3

Cost of Zero-Covid: Effects of

Anti-contagious Policy on Labor

Market Outcomes in China

3.1 Introduction

Most countries around the world have taken various containment measures to limit the

spread of COVID-19, including closing public gathering places, limiting transportation

services, implementing stay-at-home mandates or lockdowns, and so on. However,

consensus regarding the economic impact of the anti-contagious measures has not been

achieved. Some critics of anti-contagious policies claim that they slow economic growth

and hurt consumer spending, while proponents argue that the economy would still

deteriorate without these measures due to the fear of viruses (67) .

In this paper, we examine the effect of anti-contagious policies on labor market outcomes.

One of the substantial challenges in evaluating the costs and benefits of different

anti-contagious policies is to distinguish between the economic damage caused by the

anti-contagious measures and the direct public health shock. In the face of this
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unprecedented pandemic, most countries are unable to contain the emergence of new cases

right after implementing disease prevention policies, thus leading to a persistent public

health shock as well as the impacts of the mitigation policies (66).

Our focus is on the anti-contagious policy in China, also known as zero-Covid policy. The

setting is particularly relevant because of China’s strong intention and ability to combat

the pneumonia outbreak. After the outbreak of the pandemic in Wuhan, China quickly

adopted the most stringent disease prevention and control policies, which effectively

stopped the spread of the virus in most areas (115; 53; 90; 82; 121). This zero-Covid

policy adopted by the Chinese government requires immediate disease prevention

measures after finding new cases, as well as a 14-day observation window before lifting the

restrictions. When new COVID-19 cases arise, this approach aims to eliminate the virus

as soon as possible. Therefore, the economic fallout is mainly due to the anti-contagious

policy in China, rather than the public health shock.1

Another challenge to accurately estimate the impact of the zero-Covid policy is the

spillover effect. As soon as a prefecture implements stringent anti-contagious measures,

such as city lockdowns, human mobility will fall dramatically and business will cease not

only within the focal region but also between it and other regions. This implies that

economic activities in a prefecture could be influenced by the zero-Covid policies of nearby

regions if their economic connections were strong before the outbreak, which would bias

the effect of anti-contagious policy. We control the spillover effect by controlling every

prefecture’s nearby zero-Covid policy duration, and our results show that the estimated

local policy effect is not driven by the spillover effect.

Our paper exploits the policy design and employs a generalized Difference-in-Differences

(DiD) strategy to estimate the causal effect of the duration of zero-Covid policy on labor

market outcomes. The estimation result indicates that an 10% increase (in average 3.7

days) in the policy duration causes the individual unemployment probability increase by

1Evidences (97; 131) suggest that during 2020, China did not experience a significant increase in excess
mortality, indicating that there was neither a direct health impact of the pandemic nor indirect health effects
caused by the stringent anti-contagious policies or a dysfunctional medical system.
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around 0.1. 2 Our estimated policy impact is the marginal treatment effect on the

probability of unemployment for individuals who stayed in regions that experienced a

longer zero-Covid policy duration compared to those who were located at regions with a

shorter policy duration. It is noteworthy that the magnitude of the unemployment

probability for an individual is incomparable to the aggregate unemployment rate as only

a small proportion of the population was in the treatment group which has a larger

duration of zero-Covid policy, and the aggregate unemployment rate could have a much

smaller fluctuation during the pandemic. Furthermore, our result disentangles the impact

of the anti-contagious policy on labor market from the public health shock and the

spillover effect from nearby regions. We provide the evidence of the associative economic

cost of China’s zero-Covid policy for eliminating the pandemic in 2020.

This paper relates to several strands of literature. First of all, it contributes to the

increasingly large empirical literature on identifying causal impact of COVID-19 policies

on labor market.3 4 (73) apply a Difference-in-Differences structure to estimate the causal

effect of social distancing policies on labor market in US during the early phase of the

pandemic. Their counterfactual estimate shows that social distancing policies explain

about 60% of the realized decline in employment, while without the social distancing

policies it is likely to endure a more severe public health problem which could in turn

deteriorate the labor outcomes. (81) use a measure of people’s mobility with policy

instruments and implements a 2SLS estimate on the effect of restricted mobility induced

2Our measurement of unemployment is similar to U-4 unemployment definition – a worker is “unem-
ployed” if unemployed or discouraged. In Section 3.1, we will explain with details how we measure an
individual employment status.

3A survey on this topic could be found at (21); an overview on the global labor market influence could
be found at (107; 108).

4The pandemic causes a general negative effect on labor outcomes including employment, hours worked
and income, with heterogeneous magnitudes across different countries and among different groups of workers.
(43), (101), (91), (57), and (25) analyze the pandemic impact on the US labor market and household income;
(139) investigates the working hour and income change in Netherlands; (6) investigates the labor market
disruption in Norway; (3) documents immediate impact of the pandemic on the employment status for
workers in UK, US and German; (19) investigates the shock on the US immigrant employment ; (26) and
(89) analyzes the pandemic shock on the US labor market from both of supply and demand sides by using
the payroll data and real-time establishment-level data; (17) investigates the idiosyncratic impact of the
pandemic for different demographic groups in US; (40) investigates the heterogeneous impact on the labor
market based on a granular level real-time private company data.

102



by policy on labor market outcomes. Their use of policy as an instrument helps create the

exogenous change in mobility. (12; 13) provide a benchmark for the marginal

unemployment rate change in the number of infections where there is no mandated

lockdowns in South Korea.

Our choice of treatment, identification setting and unique context provide credibility to

identify causal effects of COVID policies, by tackling down possible challenges.5 First, our

framework enables us to construct a conditional exogenous treatment — the duration that

a prefecture with emerged COVID-19 case in the past 14 consecutive days. Under the

assumption that the date of detecting a positive COVID-19 case is random, and by

controlling for the prefecture fixed effect, we could causally interpret the impact of China’s

anti-contagious policies on labor outcomes. Second, our identification design allows us to

analyze the disentangled impact of zero-Covid policy on labor market, rather than

combined public health shock and derivative voluntary precautions.6 There are no other

studies, to our best knowledge, that conduct analysis on the impact of anti-contagious

policies on labor market without the existence of the public health shock caused by the

pandemic. Third, in the context of China, our result provides a benchmark for the

marginal change in labor market outcomes where the region implements anti-contagious

measures without a significant scale of the pandemic. Furthermore, the unprecedented

anti-contagious policy launched by China leaves little chance for anticipation.

In addition, this paper supplements the existing research on the economic cost of the

COVID-19 pandemic in China by focusing on the effectiveness of zero-Covid policy

package rather than a specific policy. Recent literature on COVID-19 impact in China

(136; 77; 114; 33) focuses on the influence from city lockdowns, while this paper identifies

the zero-Covid policy effect for a wide spectrum of containment measures at different

5(65) discussed several potential threats to the validity of DiD designs when used to identify the causal
effects of COVID-19 policies, such as packaged policies, voluntary precautions, anticipation and spillovers.

6Compared to most countries analyzed in the literature, China experienced very limited pandemic surge
in 2020 after the very first outbreak in Wuhan. As Chinese society is not largely influenced by the health
threat of the pandemic, the zero-Covid policy contributes the most to the observed labor market disruption.
Thus, our result sheds light on the isolated policy effect on the economic activity during the pandemic.
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intensities, e.g. lockdowns, regional quarantines, closure of public places, transportation

restrictions, etc. During the early period of China’s anti-Covid campaign, many

prefectures implemented lockdowns to block the spread of the virus quickly and efficiently,

while more prefectures which experienced mild outbreak of the epidemic chose less

stringent measures to contain this public health crisis. Our estimations capture the

impact of zero-Covid policy not limited to the lockdown, but any anti-contagious

measures will be counted. Our work unveils the unclear question that how much impact

did these non-lockdown measures impose on the labor outcomes. Furthermore, to the best

of our knowledge, our paper is the first paper to complement the literature by using the

China Family Panel Studies, which is a nationally representative social survey for China.

Finally, this paper is related to the research on human mobility restriction in response to

pandemic threats. Many countries implemented measures that limit the human mobility

flows to stop the transmission of infectious diseases (45; 14; 132; 30). Meanwhile, the

evaluation of restrictions on human mobility remains obscure for two major concerns, the

negative economic impacts and the effectiveness of such policies in containing the

pandemic. It is also hard to disentangle the impact of human mobility from other channels

(56; 80). In this paper, we provide an estimation of the disentangled effect in the labor

market of one specific mobility restriction policy, the zero-Covid strategy, which is proved

to be effective in delaying and containing the spread of the pandemic (53). Our results

contribute to the evaluation of human mobility restriction policy by providing a reference

of the potential economic cost of halting the pandemic in perspective of labor outcomes.

Our work provides a benchmark for the scenario that the pandemic was constrained

effectively after the initial outbreak by fast and stringent containment measures so that

the only labor market disturbance were caused by the anti-contagious policies rather than

the public health shocks which most countries suffered from during the pandemic.

This paper is organized as follows. Section 2 introduces China’s anti-contagious policies

after the outbreak of COVID-19. Section 3 summarizes the individual survey data,

COVID-19 data and regional economic data. Section 4 displays our identification strategy.
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Section 5 discuss our estimation results.

3.2 Background

China’s zero-Covid policy7 consists of two components, stringent clearance and

dynamic clearance. Stringent clearance includes policy responses such as quarantine,

lockdown and traffic restriction. However, in regions with mild outbreaks, dynamic

clearance policies with fewer restrictions on human mobility are implemented. At the

initial outbreak of the pandemic, from January to February 2020, the stringent clearance

prevailed in areas with COVID cases. As the government started aiming to resume work

and production after Feb 17, 2020, zero-Covid policy became a hybrid between stringent

clearance and dynamic clearance.

3.2.1 First Phase: Stringent Clearance

China implemented a series of unprecedented lockdowns and non-pharmacological

anti-contagious policy measures in an effort to halt the spread of COVID-19 since January

23, 2020.8 Based on Figure A1, by January 25, 30 out of China’s 31 provinces had enacted

First level emergency response, measures taken including case isolation, suspension of

public transportation and public space closure, etc. (115; 128). Local governments reacted

with stringent clearance policies in response to the unprecedented national emergency.

The entire Hubei province implemented the lockdown in Jan 24, and its residents could

not leave their prefectures. There were also strict anti-contagious policies implemented in

other provinces, including a partial lockdown, a ban on traffic leaving and a 14-day

7Note that the term “zero-Covid” in (33) only refers to the stringent clearance in our paper.
8According to Emergency Response Law of the PRC, the emergency events are classified into 4 levels,

First as extreme important and Fourth as normal. The First level emergency response is coordinated by the
central government, the Second level is led by province government, the Third level is led by the prefecture
government and the Fourth level is led by county government. There is no specific instruction on how to
response to different emergency levels (i.e, lockdown or travel restriction), so this province level indicator
is considered as a bellwether for province government’s attitude towards COVID. Ironically, as shown in
Figure A1, Hubei province, the center of COVID outbreak, only acted the Second level emergency response
on Jan 24, and upgraded to the First level on the next day.
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self-quarantine period for visitors. According to (115), up to 14,000 health checkpoints

were set up at ferry and highway service centers. By February 16, more than 250

prefectures rolled out measures such as “closed management of communities”, “family

outdoor restrictions”, “only one person of each family may go out for shopping once every

2 days”, “tracing and quarantining close contacts of suspicious cases” and so on.9 Under

such stringent clearance policies, in January and February, economic activities were

rigorously suppressed (53). In Appendix 7.1, we provided two anecdotal stories about the

stringent clearance during January 2020.

It is noteworthy that the 14-day observation window has already been set as

epidemiological criteria to define a suspected case since January 18, 2020 (92) and was

publicly mentioned in a National Health Commission guidance on January 22.10 Following

the central government’s guidance, local governments soon adopoted this 14-day

observation window as a decisive factor in their zero-Covid policies. This window will be a

key instrument we use to construct our major treatment variable.

3.2.2 Second Phase: Stringent Clearance and Dynamic Clearance

Nearly one month after enforcing its stringent clearance policies,11 the central

government attempted to re-boost the economy and partially relax its public health

interventions. On February 17, the State Council and National Health Commission of

China issued Prevention Guidance for Novel Coronavirus Pneumonia (version 5) 12 which

required local governments to classify different risk levels for different regions. Low risk

areas, which are usually defined as prefectures with no COVID cases, should restrict travel

from medium and high risk areas, while mobility within the prefecture and across other

low risk areas were permitted. It is noteworthy that there still could be dynamic

9No additional prefectures adopted similar measures between February 20 to June 30, 2020 according to
(115)

10NHC guidance: http://www.nhc.gov.cn/jkj/s3577/202001/c67cfe29ecf1470e8c7fc47d3b751e88.shtml.
11“In all Chinese cities, the Spring Festival holiday was extended, and people were advised to stay at home

when possible, enforce social distancing and maintain good hygiene.” (77)
12Prevention Guidance for Novel Coronavirus Pneumonia (version 5): http://www.nhc.gov.cn/jkj/

s3577/202002/a5d6f7b8c48c451c87dba14889b30147.shtml.

106

http://www.nhc.gov.cn/jkj/s3577/202001/c67cfe29ecf1470e8c7fc47d3b751e88.shtml
http://www.nhc.gov.cn/jkj/s3577/202002/a5d6f7b8c48c451c87dba14889b30147.shtml
http://www.nhc.gov.cn/jkj/s3577/202002/a5d6f7b8c48c451c87dba14889b30147.shtml


clearance13 policies implemented at low risk areas, such as school closings, cancellation of

public events and restaurant closures. The medium risk areas were defined as prefectures

without an outbreak.14 On average, the high risk areas were defined as those with more

than 10 cases reported within 14 days.15 The medium and high risk regions were both

subject to stringent clearance strategies, including traffic restriction, Fangcang hospital

(mobile cabin hospital), community isolation and forced stay-at-home orders.16 Although

this state-issued Guidance left local governments with the freedom to manipulate the

boundaries between high and medium risk levels, the high and medium risk areas could

only become low risk after 14 consecutive days of no case increase. This is considered to

be a clear distinction between low risk level and the other two levels 17.

Local governments immediately followed the central government’s guidance. By the end of

February, half of China’s provinces were no longer at the First level reaction. It’s possible

that a Third level reaction province contains high or medium risk areas (prefectures), but

the rest part of the province was more likely to adopt dynamic clearance policies or only

keep travel restrictions between high risk areas. As of April 30, the national daily cases

were already smaller than 50. Beijing and its neighboring provinces switched to the

Second level. Three days later, Hubei switched to the Second emergency response level

and no provinces remained at the First response level anymore.

13In 2020, “dynamic clearance” refers to implementing precise containment measures to control the spread
of virus at small economic costs. However, this terminology was interpreted differently — to eliminate
COVID at any cost — by Chinese propaganda in 2022, when Chinese government was dealing with Omicron
variant. In this paper, we adhere to the definition of “dynamic clearance” from the year 2020.

14An outbreak is defined as 2 to 10 or more emerging confirmed COVID-19 cases within 14 days.
15The threshold between the medium risk and high risk were set quite differently across local governments
16Again, there is no general distinction between the clearance strategies for the medium and the high risk

regions. In some cases, residents of high and medium risk regions were strictly required to stay at home,
with security patrols checking on violators. Food and medicine could only be ordered through delivery

17Xinhua News Agency and People.cn (the two largest official state propaganda agencies of China) reported
and confirmed that the 14 consecutive days of no case increase is used as the threshold for defining a low-
risk level area.: http://www.gov.cn/xinwen/2020-03/23/content_5494361.htm and http://hn.people.

com.cn/n2/2021/0815/c195194-34868198.html.
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3.3 Data

3.3.1 CFPS Data

The individual data are from the China Family Panel Studies (CFPS), which is a

nationally representative survey conducted by Peking University’s Institute of Social

Science Survey. This longitudinal survey covers 25 provincial-level regions in China

(excluding Hong Kong, Macao, Taiwan, Xinjiang, Qinghai, Inner Mongolia, Ningxia, and

Hainan), which accounted for 95% of China’s total population.

We collect four waves of CFPS data, surveyed in 2014, 2016, 2018, and 2020, giving us a

sample of 139,983 observations. To arrive at the sample used for analysis, we first exclude

observations who (i) were surveyed by a proxy mode which lacks information on labor

outcome (16,696 observations); or (ii) were full-time students (10,617 observations),

resulting in a sample of 112,670 observations. We further restrict attention to individuals

whose ages were between 16 and 64, and the sample size reduces to 93,357 observations.

To keep consistency across main results and dynamic effect results, we drop respondents

who were not interviewed in CFPS 2018, i.e., 17,141 observations. We drop 8,654

observations whose county is not included in the county list provided by Peking

University’s Institute of Social Science Survey in 2010. Finally, we drop 811 observations

migrated to another county and 3,408 observations that appear only once in our sample.

Finally, we end up with a sample of 63,343 observations (20,006 individuals). Among

these 63,343 observations collected from 125 prefectures, 25.6 percent were surveyed in

2014, 27.6 percent were surveyed in 2016, 29.0 percent were surveyed in 2018 and the rest

17.8 percent were surveyed in 2020.18 The main part of 2020 CFPS survey was conducted

from July to August and a small share of interviewees were surveyed between September

to December. There were mild COVID-19 spikes during this period and only 12 out of 126

prefectures in the CFPS sample were affected by the zero-COVID policy. This implies the

zero-COVID policy is unlikely to cause systematic dropout of respondents and relieves the

18We also report the distribution of samples across four waves in Table A1.
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concern about the selection bias problem of the survey. Furthermore, if there was any

zero-COVID policy imposed on the interviewee’s place of residence, the survey would be

conducted via telephone.

Our main outcome variable concerns individual unemployment status. There are several

questions related to employment status in the CFPS questionnaire. Specifically,

interviewees (excluding full-time students) are asked for the following questions:

(1)“Including agricultural work, waged job, self-employment and private business

(housework and unpaid help do not count), have you worked for at least one hour last

week?” (2)“Do you have a job, but you are currently on temporary vacation, sick leave or

other vacation, or on-the-job training?” (3) “Will you return to the original job position in

a certain period or within six months?” (4) “Are you running your own business which is

currently in an off-season, but will resume after a while?” (5) “Is your agricultural work

(including cropping, managing orchard, collecting agricultural and forestry products, fish

farming, fishing, raising livestock, selling agricultural products in market, etc.) in an

off-season?” If an interviewee answers “NO” to all questions above, the interviewee is

unemployed; otherwise, the interviewee is on employment.19 Specifically, the interviews in

2020 were conducted after the second half of 2020, ensuring that our sample can cover the

zero-Covid policy shock.

Moreover, there is a question for employed interviewees rather than self-employed

interviewees and business owners, “Including salary, bonus, cash benefit, material benefit,

and excluding tax, insurances, and public housing, how much in total did you make from

this job for the last 12 months?” We construct the outcome variable Income according to

the answer to this question. Finally, the questionnaire has a question, “How many hours

per week on average did you work for this job in the past 12 months?” We construct the

outcome variable Hours Worked accordingly. To capture the responses of hours worked

along the intensive and extensive margins, we also include unemployed workers and

19Again, the definition of unemployment we apply here is similar to U-4 unemployment, which includes
unemployed and discouraged workers.
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replace the missing values of hours worked with zero.

Panel A of Table 1 presents a statistic summary for labor outcomes in our sample. The

average unemployment is 0.173.20 Among employed workers, the average labor income is

20,992 RMB and the average hours worked per week is 46.3.

Furthermore, we calculate length of subsistence as the ratio between cash or deposit and

family’s yearly expenditure.21 For families located at the bottom 20% income distribution

who are extremely vulnerable to unemployment, their saving could only maintain their

basic family expenditure for around 6 months.

To investigate the heterogeneous effects of COVID-19, we use a series of basic

demographic information from CFPS 2018. Specifically, we report the heterogeneous

effects for the following dimensions: gender, age, education and the age of the youngest

child in the household. Panel B of Table 1 provides a statistic summary for these

demographic characteristics.

3.3.2 zero-Covid Policy Duration

The Duration of zero-Covid policy implemented in each prefecture is our primary

treatment variable. To document the days that a prefecture was labeled as a medium or

high risk region, thus potentially the zero-Covid anti-contagious measures were

implemented in the region, we manually collect the daily new COVID-19 cases from Jan

23 to June 30 by using the time-series data provided by Dingxiangyuan website, which

collects the official daily release of COVID-19 cases at prefecture level.22 23 According to

the national guidance for COVID-19 containment, a region will remain in medium or high

risk level until a consecutive 14-day without new confirmed COVID-19 case, then the risk

20In Table A2, we report the different measures of unemployment in China and the United States. One
could observe the U-4 unemployment rate collected from CFPS is higher than the official U-3 unemployment
rate published by the Chinese government. The discrepancy between these two measures is also larger in
China than in US.

21Figure A2 displays how many years interviewees’ cash or deposit could afford their expenditure if they
become unemployed and have no other income.

22Jan 23 was the time point when Wuhan lockdown and provinces enacted First Level emergency response.
23CFPS 2020 survey was collected during the second half of 2020. We would like to ensure the surveyed

individual was exposed to the influence of the zero-Covid policy and the pandemic before taking the survey.
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level will degrade to low. We measure each prefecture’s medium or high risk period by

excluding the low-risk period, i.e., the dates that have no COVID-19 cases and are not

within a 14-day window of new COVID-19 case. Essentially, Duration measures how many

days that a prefecture was exposed to mid- or high- risk under the national 14-day

observation rule, accompanied by a wide spectrum of anti-contagious measures under the

zero-Covid policy. Panel C of Table 1 summarizes the statistics for zero-Covid policy

duration and COVID-19 cases at prefecture level. Average zero-Covid policy duration is

37.128 days. Average number of confirmed cases and death is 451.697 and 31.432,

respectively. 34.9 percent of the prefectures once implemented a (city level) lockdown

policy. Finally, for regression estimation, we use lnDuration, the log of zero-COVID policy

duration plus 1, as the major treatment variable.

One possible concern is that our measure of zero-Covid policy duration is constructed

from the COVID-19 case data following the guidance rule enforced by the central

government, instead of documenting the real duration of mid- or high- risk level in each

prefecture. To test the validity of the treatment, the ideal way is to compare the

documented prefecture-level zero-Covid policy duration from January to June, 2020 with

our constructed treatment. However, there is no accurate measure for the timing and

duration of the zero-Covid policy corresponding to this period.24 (77) and (136) collect

information on starting dates for lockdowns without ending dates, and thereby cannot

provide accurate duration of lockdowns. (74) generate stringent indices for China’s

COVID-19 responses, however, the policy stringency is measured at the province level. To

our best knowledge, (33) and (63) are the only two studies that provide the timing and

duration of lockdown policies and risk level indicators in China. Nevertheless, (33)’s

research collects data between April 2020 and January 2022, only 2 months overlapped

with the period considered in this paper and (63)’s research collects risk level indicators

since April 2021, which is not overlapped with this study.

24The uniform national rule has not been launched by April 2020. Pre-April, it is hard to classify different
local risk level rules into a general framework. For example, Zhejiang province use a five color system to
classify risk level before April 2020.
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We, therefore, choose an alternative outcome, the traffic mobility index from Baidu

(China’s Google mobility index) (83), to validate our treatment. To be specific, we

calculate the difference between the daily traffic mobility indices (including in-town traffic,

out-town traffic, and intra-town traffic) in 2020 and those of a comparable lunar date a

year ago in each prefecture. 25 26 We define Exposed to Risk as a dummy that is 1 if

prefecture p is considered as mid- or high- risk on date t, under the national 14-day

observation rule. We expect to observe a significant negative correlation between traffic

mobility and the zero-Covid policy indicator. The period of traffic index we use is from

January 1st to May 7th, which has 4 months overlapped with the period considered in our

sample. 27

As shown in Equation (1), we further apply a DiD setting to examine the validity of our

treatment — LnDuration, the log form Duration of the instrumented zero-Covid policy.

∆Ypt is the measure of difference in mobility for prefecture p on date t. Besides, Jan23 is

a dummy that is 1 for the dates post January 23, 2020, and θp and δt capture the

prefecture and date fixed effects.

∆Ypt = β(lnDurationp × Jan23t) + θp + δt + ϵpt (3.1)

We report the correlation between Exposed to Risk and change in traffic mobility relative

to 2019 in the first three columns of Table A3. In Panel A, among all the prefectures in

China, columns (1) to (3) show negative and significant correlations between whether

exposed to zero-Covid policy and the decline of in-town, out-town, and intra-town traffic

mobility. Columns (4) to (6) present the DiD estimation results which suggest a

non-trivial decline in traffic mobility relative to the counterfactual change in mobility

based on 2019 corresponding to the duration of zero-Covid exposure. In Panel B, we only

25Since the research period is overlapped with the Chinese Spring Festival, involving with high volatility
in traffic mobility, we use the Chinese lunar calendar as a comparable date

26A similar calculation was used in (118)
27Baidu stopped publishing the mobility index after May 8th, 2020.
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keep the CFPS surveyed prefectures in the sample, and the results stay robust. These

stable significant negative correlations provide evidence for the validity of our treatment

variable — as a prefecture receives a larger treatment, the more it is possibly exposed to

the zero-Covid policy.

Another concern is that local officials would not implement corresponding zero Covid

policies even if the prefecture is listed as medium or high risk level. After China’s

government admitted the outbreak of COVID, “Zero Covid” was put at the top of the list

and is considered as an important index for local officials’ performance evaluation.

Officials who failed to contain COVID virus, responded slowly to new cases, or

implemented inadequate prevention policies would be punished or dismissed. 28

Furthermore, the State Council encouraged people to directly report to the central

government if local officials were considered as passive with zero Covid policy. 29 As a

consequence, the “zero Covid” has become a Mao-style political campaign that local

officials have strong incentives to immediately react with risk level indicator and therefore

implement related policies, sometimes even over-reacted. 30

It is important to point out that our measure also captures less stringent zero-Covid

interventions other than lockdowns. 31 As we argued in Section 2, for prefectures with

mild increases in COVID-19 cases, less stringent policies are more likely to be implemented

as they are enough to mitigate the spread of the virus. In Figure A3, we plot the number

of confirmed COVID-19 cases versus zero-Covid policy duration for each prefecture, while

categorized by whether prefectures experienced lockdown or not.32 We could observe that

28China dismisses 5 officials in Tibet for “inadequate” COVID prevention work: https://savetibet.

org/china-dismisses-5-officials-in-tibet-for-inadequate-covid-prevention-work/; Officials from
Yunnan and Hubei provinces were punished: http://www.xinhuanet.com/politics/2020-04/27/c_

1125914123.htm
29Online complaint platform: http://www.gov.cn/xinwen/2020-01/24/content_5472009.htm
30See the essay from New York Times: https://www.nytimes.com/2022/04/13/business/

china-covid-zero-shanghai.html?_ga=2.228845978.782308438.1670148502-1980932841.1670148502
31Lockdown is classified as the most stringent policy by (7).
32The lockdown information is adopted from (77). They defined a city (prefecture) implementing lockdown

“when the following three measures were all enforced: (1) prohibition of unnecessary commercial activities
for people’s daily lives, (2) prohibition of any type of gathering by residents, (3)restrictions on private
(vehicles) and public transportation.”
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prefectures with similar situations in COVID-19 cases and zero-Covid duration could vary

in their lockdown decisions, which implies that a dummy variable for lockdown could not

fully capture the spectrum of zero-COVID policies that a prefecture implemented.

The last potential concern about the construction of our treatment variable is that the

intensity and the coverage of the anti-contagious measures during the early stage of the

virus outbreak were more stringent compared to the later period when dynamic clearance

was recommended by the central government. To cope with this issue, we further

construct two separate duration variables corresponding to different time periods (using

the same method described above): one for the period between Jan 23 and Feb 17;

another for the period after Feb 17 till the starting date of survey collection (June 30).33

In this way, we are able to capture the effects of zero-Covid policies on labor market

outcomes in different phases of the pandemic.

3.3.3 Prefecture-Level Data

In addition to COVID-19 case data, our empirical analysis relies on other

prefecture-level data that come from the 2018 China City Statistical Yearbook. These

variables include (1)Population; (2) Gross Domestic Product (GDP); (3) Share of Service

Sector in GDP. Panel D of Table 1 summarizes statistics for prefecture characteristics in

2018. The average population is 5.586 million and the average GDP is 396.489 billion

RMB34. In addition, we provide prefecture government evaluation scores that have been

aggregated from individual levels. The original score range is from 1 to 5, with 1

representing the belief that the local government achieved great success and 5 representing

the belief that the local government achieved nothing.

33On Feb 17, State Council issued an official document that regions should be classified into three different
risk levels, as a plan to boost the economy

34The minimum GDP is 15937.7 thousand RMB and round to 0 in billion.
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3.4 Identification

3.4.1 Baseline Model

We begin by examining whether the zero-Covid policy in China induces an increase in

individual-level unemployment probability by estimating a generalized Difference in

Differences model:

Yipt = β(lnDurationp × Postt) +
∑

t∈{1,2,4}

(Xp × Y eart)λt + θi + δr,t + ϵipt (3.2)

where Yipt represents the outcomes of interests (e.g., unemployment and working hours) of

individual i, in prefecture p surveyed in year t. lnDurationp is constructed by the method

mentioned in Section 3.2, which measures the duration of the zero-Covid policy at

prefecture p in 2020 in log form. Postt is an indicator function that assigns one if the

observation is from the treated year 2020 and zero otherwise.

The parameter of interest β captures the marginal effects of exposure to zero-Covid

policies on labor outcomes. In contrast with binary treatment DiD, the continuous

treatment captures more variation in the data, the marginal effect provides more policy

implication in the real world and allows for comparative discussion with evidence from

other countries (73; 12; 13). For robustness purposes, we also generate a binary treatment

variable that assigns one if the lnDurationp is above the median.35 We will discuss more

details about the continuous treatment setting and potential challenges in Section 5.4.4.

To allow time-invariant individual characteristics to influence unemployment or hours

worked, we include individual fixed effects, θi. To absorb trends differing across provinces,

we include province-year fixed effects, δr,t. Y eart is a series of binary indicators for year

2014, 2016, and 2020, and the dummy for year 2018 (t=3) is omitted in the equation. Xp

is a set of proxies for prefecture economic status, including population, GDP, and share of

35We split the sample at the median prefecture so that the number of treated and controlled prefectures
is approximately balanced. This method is used by (86)
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service industry in 2018. We include Xp × Y eart to let their effects differ across years, and

thereby to address the concern that prefectures with different economic characteristics

may respond differently to the pandemic through other channels.36 In addition, we further

control time-varying government evaluation scores in order to isolate the treatment effect

from the effect of government ability. We cluster standard errors at prefecture level. In

addition to the baseline setting, we use alternative clustering choices (province level,

prefecture-year two-way clustering, province-year two-way clustering) as robustness checks.

3.4.2 Dynamic Model

Similar to (73), our generalized DiD design relies on the assumption that after

adjusting for controls and fixed effects, the patterns in outcome variables would follow a

common path in the absence of zero-Covid policy. We employ a dynamic model to

examine this assumption.

Yipt =
∑

t∈{1,2,4}

βt(lnDurationp × Y eart) +
∑

t∈{1,2,4}

(Xp × Y eart)λt + θi + δr,t + ϵipt (3.3)

In this model, the parameter of interest β4 represents the relative effect of the duration of

the zero-Covid policy. β1 and β2 provide the estimates of the relative impact on labor

market outcomes up to six years prior to actual treatment. If the common path

assumption holds, we should not observe a significant relative impact from the “placebo”

treatments on the pre-treated outcomes. Same with the previous section, we also use a

binary treatment DiD setting as a robustness check. In this case, the underlying

assumption is the common trends in pre-intervention outcomes between treated and

control groups.

36A detailed discussion of this method is made by (86). One possible alternative is to control time-varying
characteristics, which means that post-treatment variables will be included in the regression. However, It
will result in a “Bad Control” problem (8). Moreover, the data on prefecture level controls in 2020 is not
available yet.
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There are several threats to the identification assumptions underlying our generalized DiD

design. First, the potential disproportionately distributed spillover effects from neighbor

units would bias our estimation in either direction. Second, the anticipation of zero-Covid

policy shock could impact post-treated outcomes through channels such as labor mobility

or job opening. Third, the particular selection bias problem arises from continuous

treatment DiD setting — heterogeneous gains across different treatment doses, given the

same counterfactual treatment dose (27; 46). We discuss these threats to identification

and present more evidence supporting our identification assumption in Section 5.4.

3.5 Results

3.5.1 Baseline Result

We first present our estimated zero-Covid policy effect on labor market outcomes

using the baseline DiD specifications. In Table 2 Panel A, we provide estimates for the

policy effct on unemployment. We denote our DiD estimator by the interaction of log

form of the zero-Covid policy duration with an indicator for post-treatment. In column

(1), we control individual fixed effects and year fixed effects, and the result suggests that a

longer duration of the zero-Covid policy has a causal impact on the increased chance of

unemployment. An 10% increase in the duration of the zero-Covid policy increases the

individual unemployment probability by 0.08 on average, which is statistically significant

at the 5% level. Since the local zero-Covid policies are largely determined by the

provincial governments with unobserved factors that could be correlated to the spread of

the pandemic, we include the province by year fixed effects in column (2). It is also

possible for prefecture level factors to influence the local government’s capacity in the

anti-Covid campaign, so we control for the interaction terms of prefecture characteristics

(log population, log GDP and share of service sector together) with year fixed effects in

column (3) and (4), and we further control the government evaluation score in column (5).

Our estimation of the average policy effects remains stable and statistically significant in
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all these specifications.

As our result estimates the impact of the policy duration based on a national rule, we are

able to predict the counterfactual impact of anti-contagious policies with a shorter

observation window. We construct the duration of zero-Covid policy in the counterfactual

scenario where the required zero-Covid window reduces from 14 days to 5 days. Then we

perform a back-of-the-envelope calculation and predict the policy effect on the labor

market using the constructed data. We find that, compared to an increase of 0.0371 in the

unemployment probability caused by the average policy duration of 37.128 days under

current policy, the zero-Covid policy under a 5-day window would decrease the average

policy duration to 30.096 days and only increase the unemployment probability by 0.0324,

which is about a 12% decline in the marginal policy effect.

In Table 2 Panel B column (1) - (4), we present the estimated effects of the zero-Covid

policy on log hours worked. It is noteworthy that our sample is limited to individuals who

reported positive hours worked in 2020, so our estimates capture intensive margin

responses. We find that the zero-Covid policy has a significant negative effect on the hours

worked. A 10% increase in policy duration would reduce hours worked for the employed

individuals by around 0.2% on average, equivalent to 0.1 hours per week, depending on

the regression specification used and the results remain consistent with different controls.

When compared to the average hours worked per week (46.54), the effect on hours worked

appears to be small. However, there are several potential factors that could explain this

result. First, the hours worked per week are calculated based on the past 12 months since

the survey time (July to December, 2020), which includes both the pre- and post-COVID

period. Therefore, the estimated policy effect on hours worked might be underestimated if

the pandemic had a disproportionate impact on one part of the year. Additionally, our

results may not capture the full policy impact due to spillover effects, which we will discuss

in more detail in section 5.4.1 where we provide estimation of the policy effect controlling

for the spillover effect. Furthermore, the increase in unemployment might have led to an

increase in workload for workers who remained employed, offsetting the negative effect on
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intensive margin responses. The small estimated effect could also suggest that the working

schedule is relatively inflexible in response to the pandemic shock or that hours worked

increased for workers who were quarantined at their workplaces (e.g. factories, hospitals,

schools) but decreased for those who did not have access to their usual working places.

As a robustness check, we also estimate a binary treatment difference-in-differences (DiD)

specification. To do this, we first divide the prefectures into high and low treatment

groups, using the median value of the policy duration as the threshold. Then, we estimate

the coefficient of the interaction term between the dummy variable for high treatment

groups and the time indicator for post-treatment, using all the specifications considered in

the baseline model.

The result of this binary DiD estimation are presented in Table 2 column (6). We find

that on average, the probability of unemployment for individuals in the high treatment

group is 0.028 higher compared to their peers in the low treatment group, at the

significance level of 5%. The estimated effect on hours worked remains negative, but is

more uncertain. As discussed above, there are several potential reasons for this. Overall,

the binary DiD estimation provides additional evidence of the policy effect on

unemployment status and suggests a more complex patterns for hours worked.

We also report the estimated impact of the policy on the number of hours worked for the

entire population, including those who did not work at all. Naturally, in the continuous

DiD settings, we see that the policy’s effect on hours worked is larger than in the intensive

margin responses. Furthermore, in the binary DiD setting, the policy is associated with a

significant decrease in hours worked at the 5% level, indicating that it may have reduced

the number of hours worked for unemployed individuals .

We report the estimated impact of the zero-COVID policy on the log labor income of

individuals who reported positive earnings. Our results indicate that a 10% longer policy

duration could result in a 2% decrease in income, after controlling for various factors.

When only controlling for individual fixed effects, the magnitude of the negative policy

effect decreases to around 1% and becomes statistically insignificant, which implies that
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the policy effect on labor income is correlated with the regional factors. In column (5), the

coefficient for the binary treatment is also statistically insignificant, potentially due to the

same reasoning as the hours worked result.

3.5.2 Dynamic Effects

The DiD estimator is based on the assumption that prefectures with different policy

duration would have parallel trends in employment before the implementation of the

policy. The observed increase in unemployment probability is assumed to be due solely to

the pandemic containment measures, not any unobserved prefecture characteristics

associated with the pandemic outbreak. To test for potential violations of the parallel

trend assumptions of the Did framework, we estimate the effect of the interaction terms

between policy duration and the dummy variable for all survey years on unemployment.

Figure 1 reports the estimated dynamic effect result. We observe that before the pandemic

shock in 2020, prefectures with longer policy duration had no trend in unemployment.

The estimated coefficients for 2014 and 2016 were not statistically different from zero,

with 2018 as the base year. Only the coefficient for 2020 was positive and significant,

indicating that the parallel trend assumption is likely to hold in our model. In Figure 2,

we see similar results when examining the dynamic effect of the binary treatment variable.

We report the dynamic effect estimation for the hours worked in Figure A4, which

provides us a consistent pattern of parallel trends before the pandemic and a negative

effect for 2020, although the significance disappears. This could be due to the rigidity in

the working schedule for employed workers or other factors that we mentioned before.

3.5.3 Disentangled Effect

Disentangled from Health Effect

China provides a suitable empirical setting to investigate the sole impact of the

anti-contagious policies and our estimation presents the isolated effect of the zero-Covid
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policy on the labor market outcomes, without the influence of the public health shock.

Our reasoning is that the pandemic was put under control very quickly after implementing

the stringent disease preventive measures, thus there were few prefectures that

experienced a considerable outbreak. By June 30, 2020, the total confirmed number in

China was 83,534, around 50,000 cases were detected in Wuhan and another 18,000 cases

were detected in Hubei province. As the number of confirmed cases is trivial compared to

the prefecture population, the infection probability is close to zero and the workers should

have no behavioral change during the period. Other evidences ((97; 131)) show that there

is no significant change in excess mortality rate in 2020, which implies there is only

limited indirect health shock caused by overwhelmed public health system or delayed

treatment due to the mobility restriction policies during the pandemic. Given the large

population base and the relatively small number of confirmed cases, the health effect of

the pandemic was arguably negligible in most parts of China.

However, the outcomes of interests could still be affected through psychological channel —

at the beginning of the pandemic, people had limited knowledge to the virus and might

choose to stay at home voluntarily for safety concerns. The first few confirmed, or death

cases emerged in the region could still generate a psychological shock to the people and

disturb the local market. To distinguish between the policy effect and the health effect, we

apply the approach used by (106). We have already shown that the disruption on the

labor market comes from the zero-Covid policy. This relationship could be due in part to

the adverse effects of the health shock on the labor market outcomes. We account for this

by controlling directly for confirmed cases and death cases. In equation (4), lnCasesp is

the prefecture level total confirmed cases in log form. lnDeathsp is the prefecture level

confirmed death cases in log form. Both variables are counted between Jan 23 to June 30,

2020.

121



Yipt = β(lnDurationp × Postt) + ω1(lnCasesp × Postt) + ω2(lnDeathsp × Postt)

+
∑

t∈{1,2,4}

(Xp × Y eart)λt + θi + δr,t + ϵipt
(3.4)

We estimate the DiD treatment effect of the number of confirmed cases and dead cases

and report the results in Table 3. In column (1) (2) and (3), besides the DiD treatment

for the policy duration and other standard fixed effects, we further include the DiD

treatments for the public health shock, which are the interaction terms between the

dummy variable for 2020 and number of confirmed cases, number of death cases and both

in the regression, respectively. The results show that none of the public health shock

estimators are positive or statistically significant, while the coefficient for policy duration

does not change much. This implies that the potential public health shock did not

measurably influence the local employment status as the strict containment policy

eliminated public health concerns efficiently. In other words, the results suggest that our

estimated policy effect is not driven by the public health shock, but rather majorly reflects

the impact of the zero-Covid policy on the labor market.

Disentangled from Lockdown Effect

As previously mentioned in Section 2, while economic activities were permitted in low

risk areas, the policies implemented in mid and high risk areas were not explicitly outlined

by the central government. This lack of clarity has allowed for different approaches by

local governments, with some implementing flexible measures to support economic

recovery in the mid risk area, while others implemented extremely strict measures to

prevent the spread of the virus.

To confirm that the policy effect is not majorly driven by these stringent measures, e.g.

prefecture-level lockdowns, implemented by local governments during the early stage of

the pandemic, and disentangle the effect of policy intensity and policy duration, we
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include indicator variables that track whether the prefectures have ever implemented

lockdowns during our sample period. These lockdowns are categorized as prefecture-level

and community-level by (77). The prefecture-level lockdowns are defined as inter-city

travel restriction, and the community-level lockdowns are defined as intra-city mobility

restriction. It is noteworthy that our treatments of policy duration additionally capture

low-intensity containment measures neglected by the lockdown variable. For example, for

a prefecture that never issued within or between cities mobility restriction, it may still

have issued a stay-at-home order fora specific district or area that is potentially exposed

with COVID-19 cases. In the following model, parameter π1 and π2 absorb the lockdown

effect and isolate β as the effect generated from the duration of the general disease

preventive policy.

Yipt = β(Durationp × Postt) + π1(Lockdown cityp × Postt)

+ π2(Lockdown commp × Postt) +
∑

t∈{1,2,4}

(Xp × Y eart)λt + θi + δr,t + ϵipt
(3.5)

In Table 4 columns (1)(2) and (5)(6), we estimate the DiD treatment effects of the

zero-Covid policy on individual unemployment status and hours worked controlling for the

lockdown variables. We include the interaction term of the dummy variables for lockdown

and the dummy variable for 2020 in the baseline regression to test whether lockdown is

the major driven factor of the labor market disruption. In these regression specifications,

the estimators of the policy duration remain statistically significant and the magnitude of

the coefficients are similar to the baseline results. In columns (3)(4) and (7)(8), we only

estimate the effects of the DiD treatment for lockdown variables solely on the labor

outcomes and the coefficients are all statistically insignificant. These results imply that

whether a city implemented lockdown could not fully explain the negative pattern

observed in the labor market. We provide further evidences that the zero-Covid policy,

disentangled from the city lockdown, made a causal impact on the labor outcomes.
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3.5.4 Threats to Baseline Findings

Spillover Effects

Our baseline estimation relies on the assumption that the prefectures in our sample

were not affected by the anti-contagious policies of neighboring prefectures. Potentially,

the labor market is not only affected by local anti-contagious policy, but also be influenced

by spillover effects from nearby regions. The inter-region traffic and human mobility could

be strictly controlled, and therefore decreases local working opportunities. If the

zero-COVID spillover effect disproportionately drove up the unemployment probability

between sample prefectures, our estimation could be biased.

124



For example, if there exist stronger spillover effects (impacted by neighbors) in prefectures

with relatively longer zero-Covid policy duration, and weaker spillover effect (impacted by

neighbors) in prefectures with relatively shorter duration, the coefficient of local policy

effect will be overestimated. Alternatively, if prefectures with relatively shorter zero-Covid

policy duration experienced severe spillover from neighbors and prefectures with relatively

longer zero-Covid policy duration experienced negligible spillover effects, the policy

impacts will be underestimated.

In this section, we empirically assess the Stable Unit Treatment Values Assumption

(SUTVA) by controlling the duration of zero-Covid policy in nearby prefectures. If we

observe a negative (positive) correlation between local labor outcomes and zero-COVID

policy duration of nearby prefectures, it implies the estimates of local policy effect in the

baseline model is overstated (understated) in magnitude.

To measure the duration of zero-Covid policy in nearby prefectures, we first collect the

zero-Covid policy duration for all neighboring prefectures of the surveyed prefectures in

our sample. Then, we define the Duration Nearbyp as the average neighbors’ policy

duration for a given prefecture p.

Duration Nearbyp =

∑
q Durationq ∗ I(q, p)∑

q I(q, p)

where I(q, p) is the indicator function for whether prefecture p and prefecture q are nearby.

Our estimation model for the policy effect controlling for spillover effects is following:

Yipt = β(lnDurationp × Postt) + α(lnDuration Nearbyp × Postt)

+
∑

t∈{1,2,4}

(Xp × Y eart)λt + θi + δr,t + ϵipt
(3.6)

In Table 5, we estimate the effects of both local policy duration and nearby policy

duration on labor market outcomes. In column (1), we report the estimation of policy

impact controlling for spillover effect on individual unemployment probability. The
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estimated local policy effect remains positive and statistically significant, while the

spillover effect has a negative coefficient which is not significant. The coefficient for the

local policy duration is also close to the estimates of policy effect in our baseline

specification as shown in Table 2. These results imply that the spillovers are unlikely to be

present as the nearby policy duration did not contribute to the increase, if not a decrease,

in the individual unemployment probability.

In column (2), we report the estimation of policy impact controlling for spillover effect on

log hours worked for employed workers. While the spillover effect is still not significant,

the magnitude of the local policy effect on the decrease of log hours worked increases from

0.0239 to 0.0424, compared to our baseline estimation. The increase in the local policy

impact and the positive coefficients for nearby policy duration suggest that our baseline

model might underestimate the size of the negative impact of local policy on the hours

worked. This result also helps understand that the trivial policy effect on hours worked in

the baseline model could be due to the underestimation from spillover effect.

Anticipation

Another challenge to our identification strategy is that patterns of labor outcomes

could change in anticipation of zero-Covid policy shock. Nevertheless, when the

COVID-19 virus initially outbroke at China, the Chinese government did not admit that

the coronavirus has human-to-human transmissibility until Jan 20, 2020. Three days later,

Wuhan implemented the city lockdown as well as the whole nation started implementing

stringent anti-contagious policies soon after. As the time interval between the outbreak

and the roll out of unprecedented policies is so narrow for labor market to anticipate, it

addresses the concern of pre-anticipation bias.

Placebo Test

We employ the method suggested by (85) as the placebo test. We use the truncated

alternative version of the DiD model (drop the data in 2020 when the treatment actually
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happened) and choose 2016 or 2018 as fake treatment periods. We report our estimation

results in Table A6. Since we cannot find significant policy effects at the fake treatment

periods, it suggests that the common trends assumption is likely to hold and our baseline

estimations are not contaminated by non-treatment influences.

In the literature, a falsification test is typically performed to examine the key

identification assumption underlying DID, where treatment variation does not correlate

with preexisting differences between treatment group and control group. However, the test

can only address the concern that serial correlation can bias standard errors, leading to an

over-rejection of the null hypothesis (41; 18). As we cluster standard errors at multiple

levels, we don’t need to implement the test.

Selection Bias

There are two sources of selection bias in the continuous DiD treatment setting —

classic selection bias and differences in treatment effects across different treatment doses.37

In Section 5.2 and 5.4.2, we have already resolved uncertainty on common trends, where is

also referred as classic selection bias (46). In this section, we are going to discuss the later

concern.

To identify causality with our continuous treatment DiD setting, we need a stronger

parallel trends assumption that “for all doses, the average change in outcomes over time

across all units if they had been assigned that amount of does is the same as the average

change in outcomes over time for all units that experienced that dose” (27). If this

assumption does not hold, the estimates will be biased. For example, among two

prefectures with lnDuration dj and dj−1, there might be heterogeneous policy effects at

the same treatment level dj−1, which will result in a selection bias. When we calculate the

marginal policy effect, the selection bias is represented by the second term on the right

37According to recent discussion by (27),“Unlike classic selection bias which is the differences in Y(0) for
two groups of people, the bias of a continuous treatment difference-in-differences comes from the heterogene-
ity in gains from the treatment. In other words, if groups of units have heterogeneous gains at some dosage,
then the continuous treatment DiD is contaminated by differences in different dosage groups own expected
returns.”
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hand side.

∂E[∆Yt|D = d]

∂d
= ACRT (d|d)︸ ︷︷ ︸

average causal responses

+
∂ATT (d|l)

∂l

∣∣∣∣
l=d′︸ ︷︷ ︸

selection bias

(3.7)

To be specific, our estimation might include Average Causal Responses (ACRT) and

differences in Average Treatment Effect (ATT) across prefectures with differing

lnDuration at a given treatment level. Although there is no compelling method to assess

the stronger parallel assumption mentioned above, we do not think the selection bias

problem will seriously threat to our identification — the national level policy rule could

alleviate the “select into different treatment dose” concern.

Given the number of days without 0 increase (absorbed by prefecture fixed effects), it is

not easy for local governments to manipulate how many days with 0 new COVID-19 case

in a 14-day window, as the time point of detecting a new case is quite random. We

provide a hypothetical example in Figure A5: suppose there are two prefectures with

identical characteristics and the period to calculate Duration is from Jan 23 to Feb 29,

2020. For prefecture A and B, the total confirmed cases are both 40 and the number of

days with new cases are 13 and 14, respectively. The almost same pattern in COVID-19

cases should not be surprising because these two prefectures are comparable in all

dimensions. In fact, the only difference is that for prefecture A, there are 3 cases

confirmed on Feb 05, and for prefecture B, there are 2 cases confirmed on Feb 05 and 1

case confirmed on Feb 09. According to the national 14-day observation rule, the Duration

(shaded area) for prefecture A is 28 (the start day of Duration is Jan 23, the end day is 14

days after Feb 05) and for prefecture B is 32 (the start day of Duration is Jan 23, the end

day is 14 days after Feb 09). We believe that the last case in prefecture B detected on Feb

09 instead of Feb 05, is mainly driven by some random factors such as the COVID-19

testing turnaround time or the incubation period but not correlated with prefecture
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characteristics or manipulated by local government. The variation in the treatment is very

likely orthogonal to “self selection”. Shown in Figure A6, conditional on the number of

days with observed cases (X-axis),38 we can observe large variation in our choice of

treatment — Duration (Y-axis), which is driven by the random factors instead of

prefecture characteristics.

The marginal treatment effect is less likely biased by the selection problem, given the fact

that our treatment variable is exogenous conditional on prefecture fixed effects. However,

there are still some chances that our baseline findings are influenced by outlier regions

which are several largest prefectures that experienced severe lockdown or extremely long

zero-Covid duration. Wuhan and Hubei province went through the initial COVID-19

outbreak and implemented stringent lockdown policies for the first two months of the

pandemic. Big metropolises, including Beijing, Shanghai, Guangzhou, Chongqing and

Tianjin, frequently detected new COVID-19 cases, resulting in very long zero-Covid policy

duration. The treatment effect for individuals who live in these regions might be different

from people living elsewhere, affecting the average treatment effect for the whole

population. In Table A7, we report our estimation results excluding individuals who live

in outlier regions. In columns (1) and (2), we drop individuals in Wuhan; in columns (3)

and (4), we drop individuals in Hubei province, and in columns (5) and (6), we further

drop individuals in big cities. The estimated policy effect on labor outcomes remain

consistent and robust to the exclusions of these outlier regions.

3.5.5 Robustness Checks

Balanced Panel

As shown in Table A1, some of individuals did not answer the questionnaire for all

four waves in our sample, and individuals’ dropout condition might be influenced by the

pandemic or some unobservable characteristics that are correlated to labor outcomes.

38which is correlated with prefecture factors and controlled by fixed effects in our econometric model
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Based on this unbalanced panel, our estimation might be biased due to selection problems.

As we argue in the section 3.1, the attrition is unlikely be correlated with the pandemic.

Furthermore, to ensure that our estimation is not dramatically influenced by the

individuals’ dropouts, we estimate the baseline regression specification for individuals.

In Table A8, we only keep the individuals who stay in each wave from 2014 to 2020 and

estimate the effect of zero-Covid policy on individual unemployment, hours worked and

income with the remaining balanced panel data. Compared to the baseline result, the

balanced panel estimations have a relatively larger magnitude in the coefficients with at

least 10% significance level. This implies that the baseline estimation might underestimate

the policy effect for labor outcomes, while the argument that there exists a causal impact

of the zero-Covid policy on labor outcomes is not systematically challenged.

Cluster Robust

We want to confirm that our baseline statistical inference is not affected by alternative

choices of clustering. In ?? columns (1) and (4), we re-estimate the baseline regression

specification and implement the two-way clustering by prefecture and by year, allowing

errors to be correlated across individuals within same prefecture and same year. In

columns (2) and (5), we calculate the standard errors clustered at province level; in

columns (3) and (6), we clustered the standard errors by province and by year. Although

the standard errors become larger compared to our baseline specification, the statistical

inferences on the policy effect are robust to different clustering methods.

Lag Effects

The 2020 CFPS survey took several months to collect the questionnaires across

different regions in China. While the majority of the survey was collected during July and

August 2020, a small share of the survey was collected later through the period from July

to December 2020. The time variation in the data collection could potentially help us

investigate whether the persistent policy impact on the local labor outcomes is varying in
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its lagging time.

We make the estimation for the subsample from each survey group whose questionnaires

were collected in each month from July to December. In Figure A7, we report the

coefficient and the standard error of the policy effect on unemployment estimated from

the subsamples collected in each month from July to December. We could observe that

the policy effect becomes insignificant as time goes, without clear trend of increasing or

decreasing. Although this result is partially due to the sample size is smaller in the later

month groups, it also implies that the impact of the zero-Covid policy on the

unemployment does not have significant lag effect that is not captured by our major

estimation. The survey data we use for our estimation result are still valid in analyzing

the policy effect on labor outcomes in 2020.

Indirect Health Effect

When a region experiences a COVID-19 outbreak and its risk level increases to medium or

high, the zero-COVID policy may restrict public access to hospitals to prevent the spread

of infection among patients and medical staff. However, these measures can also limit the

availability of public health resources for individuals with chronic disease who require

ongoing medical treatment. This lack of access to treatment can lead to incapacitation

and ultimately, unemployment for these individuals.

To investigate whether the impact of zero-COVID policies on labor markets was driven by

the indirect health effect of a shortage of medical resources, we utilized the health

information of respondents in the CFPS survey, specifically a dummy variable indicating

whether the individual has a chronic disease. We included this variable in our DiD

estimation and also estimated the main regression separately for groups of individuals who

do or do not have chronic diseases. The results are reported in ??. In column (2), we

found that including the dummy variable for chronic disease slightly decreased the

magnitude of the estimated policy effect. In columns (3) and (4), we found that the

estimator for the policy effect remained about the same value for the group without
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chronic diseases, while the magnitude of the estimator more than doubled for the group

with chronic diseases. These results indicate that within the population with a strong

need for medical resources, there was a larger increase in the probability of unemployment

due to the zero-COVID policy. However, since this group makes up a relatively small

portion of the population (less than 10%), the overall impact of the zero-COVID policy on

unemployment in the sample was not significantly driven by the indirect health effect of

limited access to hospitals during the pandemic.

3.5.6 Heterogeneous Effects

Separate Phase: Stringent containment and Precise containment

As discussed in Section 2, the policy intensity during January and February is much

stronger than the policy intensity after February. Stringent clearance measures, such as

lockdown and stay at home order, are more likely to be rolled out between January and

late February for pandemic containment purpose. After February 17, dynamic clearance

measures, such as public place closing and travel restriction between risk areas, became

prevalent. Although we cannot measure this granular intensity difference with available

data, we use different phases, Jan to Feb 17 and Feb 18 to June, as proxies of stringent

clearance and dynamic clearance.

In Equation (8), we use Feb 17 as cutoff for these two phases: Jan 23 to Feb 17,

represented by lnDuration JanFebp and Feb 17 to June 30, represented by

lnDuration FebJunp.
39 Between Jan 23 to Feb 17, each prefecture were under the

province’s First Level emergency response, with a smaller standard deviation in the

treatment (shown in Figure A1). This estimation separates the policy effect for different

phases of the pandemic, which policy implication will be discussed with more details later

when we interpret the estimation results.

39Again, Feb 17 is the time point of central government guidance for precise containment
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Yipt = β(lnDuration JanFebp × Postt) + η(lnDuration FebJunp × Postt)

+
∑

t∈{1,2,4}

(Xp × Y eart)λt + θi + δr,t + ϵipt
(3.8)

As mentioned in Section 2 and Section 3.2, the zero-Covid policy in China experienced a

shift around late Feb 2020. The central government issued a guidance to require the local

governments to identify the areas exposed to the virus more precisely and limit the

influence of the anti-contagious measures only in risky regions. While our estimation

results indicate that the local policy duration cause a significant impact on labor

outcomes, we are unsure that whether the intensity of the policy treatment is evenly

distributed over the whole period from Jan 2020 to June 2020. Potentially, after the issue

of the guidance in Feb, the intensity and extent of the zero-Covid policy is much restricted

and the policy treatment effect is weakened compared to the early phase of the Covid

pandemic.

To examine the policy effect during different time periods, we estimate the coefficients of

the DiD treatment for policy duration before Feb 17, policy duration after Feb 17, and

both of them, respectively. The results are reported in Table 6. Column (1) shows that

the policy duration before Feb 17 is significant positively related to unemployment, while

column (2) show that the policy duration after Feb 17 is not. The results keep consistent

while we include both stringent clearance and dynamic clearance into regression, shown in

column (3). Column (4), (5) and (6) display a similar pattern that there are only

significant correlations between hours worked and stringent clearance, which implies that

the magnitude of dynamic clearance after Feb 17 is less significant compared to the early

phase.
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Across-group

We estimate the heterogeneous impacts of policy duration on different sub-populations

and the estimation results are shown in Table 7 and Table 8. We estimate the policy effect

for different groups categorized by gender, age, education, income distribution rank and

having a young child. The parameter of interest is the coefficient of the interaction term

between the lnDuration × Post and sub-population indicators. We find that for groups

such as female workers, workers above age 65, workers with education level less than

middle school, the bottom 50 percent population in the income distribution, and parents

whose children are younger than 6 years old, they are more vulnerable to the zero-Covid

policy impact on the unemployment status, while whether they are employed by a private

sector firm has no impact. Regarding the policy effect on employed workers’ hours worked,

none of these individual characteristics has an impact, potentially due to the fact that the

rigidity in the working schedule limits the difference across different groups.

There could be also a potential labor outcome difference for workers in the agricultural

sector versus non-agricultural workers. We re-estimate our baseline models for each group

of works and report our results in ??. We could find the non-agricultural workers

experienced a stronger policy effect on their employment status than the agricultural

workers, while the impacts on their hours worked are similar.

3.6 Conclusions

During the COVID-19 pandemic, countries across the globe adopted drastically

different strategies to mitigate the unprecedented public health crisis. While China was

the first to implement strict anti-contagious interventions nationally, the zero-Covid

policy’s impact on their economy remained obscure until recently. Based on a generalized

DiD design, we find that when a prefecture’s zero-Covid policy lasted for 10% (3.7 days)

longer, on average, the individual-level unemployment probability increased by around 0.1,

and employed workers lost 0.2% and 2% of their hours worked and income, respectively.
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Our estimation disentangles the zero-Covid policy and the public health shock of

COVID-19, with the latter having no significant effect on labor market outcomes. The

impact of lockdown policies has been widely discussed in literature, while our paper

focuses on the effect of China’s zero-Covid policy, a full spectrum anti-contagious policy

that includes not only lockdown but also less stringent anti-contagious measures that have

been difficult to observe due to data limitations. We also considered spillover effects from

nearby prefectures, which did not significantly contribute to the negative labor market

impact. Additionally, our research suggests that only the stringent anti-contagious

measures implemented during the early stage of the pandemic had a negative impact on

labor outcomes.40

COVID-19 has caused millions of deaths and a global humanitarian crisis as many

countries were unable to control the spread of the virus after the outbreak of the

pandemic. Partially contributing to this catastrophic outcome is the fact that the

potential economic and political outcomes of restricting human mobility deterred the

policymakers from taking serious disease preventive measures immediately after the

outbreak of the virus. We provide a systematic evaluation of the labor market disruption

caused by the most stringent containment policy and estimate the economic cost of

non-pharmacological interventions to stop the pandemic. It is noteworthy that the data

used in this paper were collected during the period when the zero-Covid policy was very

effective and the pandemic was controlled extremely well in China. It is reasonable to

doubt that our estimation results are not valid under the circumstances where the spread

of viruses is more difficult to put under control and the zero-Covid policy has to last

longer.41 The economic costs of the anti-contagious policy would not grow linearly as the

40Due to data limitation, we are not able to estimate the mid-term policy effect in 2021 — there was a
strong rebound in the first half of 2021 and China’s GDP growth rate reached 8.1 percent by the end of that
year. It was partially credited to the zero-Covid policy in 2020. Also, we are not able to estimate the policy
effect in 2022, when many regions in China experienced longer restrictions in mobility due to the outbreaks
of the Omicron variant of COVID-19.

41As the mortality of COVID-19 has been reducing (129), the public health welfare brought by the zero-
Covid policy has decreased dramatically. On Dec 7 2022, NHC announced a new guideline that loosened
the zero-Covid restriction significantly.
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duration of the policy increases, but exponentially.42 However, our work can still serve as

a benchmark under such a scenario: the pandemic’s scope was constrained soon after its

outbreak by fast and stringent containment measures, and millions of lives were saved.

How much would it cost economically? After all, we hope our work will be a useful

reference for future policymakers dealing with similar situations, where they will have to

face the trade-off between health, freedom and economic well-being.

42Figure A3 displays how many years interviewees’ cash or deposit could afford their expenditure if they
become unemployed and have no other income. For families located at the bottom 20% income distribution
who are extremely vulnerable to unemployment, their saving could only maintain their basic family expen-
diture for around 6 months.
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3.7 Figures and Tables

3.7.1 Figures

Notes: The figure shows coefficients and 95% confidence intervals from estimating the leads
and lags regression in equation (3), where the dependent variable is unemployment. All
effects are relative to 2018.

Figure 1: Dynamic Effects Unemployment (continuous treatment)
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Notes: The figure shows coefficients and 95% confidence intervals from estimating the leads
and lags regression in equation (3), where the dependent variable is unemployment. All
effects are relative to 2018.

Figure 2: Dynamic Effects Unemployment (binary treatment)
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3.7.2 Tables

Obs Mean Std.Dev Min Max

Panel A: Individual D.V.
Unemployed 63343 0.173 0.378 0.0 1
Hours Worked 37914 46.538 21.880 0.1 133
Hours Worked (Overall) 48601 36.003 27.247 0.0 133
Income 28445 20992.159 25262.527 0.0 100000

Panel B: Individual Characteristics
Gender 63343 0.517 0.500 0.0 1
Age 63343 45.808 11.868 16.0 67
Education (middle school or below) 63343 0.732 0.443 0.0 1
Agricultural Worker 60215 0.432 0.495 0.0 1
Private Sector Worker 19669 0.841 0.366 0.0 1
Youngest Child Age 57690 19.120 11.394 0.0 47
Health Condition 63175 2.979 1.208 1.0 5
Chronic Disease 62771 0.152 0.359 0.0 1

Panel C: Prefecture Treatments
Policy Duration 126 37.128 21.411 0.0 158
Policy Duration Feb Jun 126 18.349 19.158 0.0 135
Policy Duration Jan Feb 126 18.779 5.095 0.0 24
Covid Case Duration 126 13.921 13.054 0.0 102
Confirmed Cases 126 451.691 4481.225 0.0 50340
Confirmed Deaths 126 31.432 344.629 0.0 3869
Lockdown (City Level) 126 0.349 0.479 0.0 1
Lockdown (Community Level) 126 0.183 0.388 0.0 1

Panel D: Prefecture Controls
Population 2018 (Thousand) 126 5586.448 4662.472 430.0 34040
GDP 2018 (Billion) 126 396.489 557.217 0.0 3268
Share of Service Sector in GDP 126 48.090 8.518 31.1 81
Government Evaluation 126 2.555 0.166 2.2 3

Notes: Panel A reports individual outcome variables of interest. Panel B reports
descriptive individual characteristics. Panel C report prefecture-level treatment variables.

Panel D reports prefecture-level characteristics in 2018.

Table 1: Statistic Summary
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3.8 Appendix

3.8.1 Anecdotal Evidence: Stringent Containment between Jan and Feb

Confronting a unprecedented public emergency case, Chinese local governments rolled out

the most stringent containment policies during January to February, 2020. Although there

is little detailed written instruction on how to conduct such containment policies, there

were numerous news, coverage and videos on social media revealed local governments

reaction by that time 43.

One suggestive example happened in Henan province. Although the daily increased cases

is less than 50 and the rural regions were considered as the least affected areas, many

villages blocked the entrance and do not allowed any form of visitors. In some cases,

during Spring Festival, migrant workers who returned from work places were not allowed

to enter the village. In one video on social media 44, village’s Communist Party Secretary

was using broadcast condemning a villager of hanging out, “are you even a human being?

You are so fucked up”, one of the public insults from the Secretary. Similar prefecture

level or village level lockdown and traffic restrictions also launched in other parts of China

(e.g. Heilongjiang, Zhejiang, Jiangxi, etc45.), among the consequences, a truck driver’s

experience became a most ridiculous and black humorous story.

Mr.Xiao, a truck driver from Hubei, set off for Sichuan province since Januray 7.

However, when he prepared the return trip on Januray 24, Hubei locked down. Mr Xiao

had to drove away with no destination. The service areas refused him from stopping, the

option of getting off the highway also became impossible, since all the cities rolled out

travel restriction on people from Hubei. “People see my license plate, that I come from

Hubei, and get scared”. After seven days driving, he was found fall asleep in his truck on

43e.g. https://www.bilibili.com/video/BV1a7411k7NB?from=searchseid=5191564554814052769spmidfrom =
333.337.0.0; https://www.bilibili.com/video/BV1H7411g75d?from=searchseid=5191564554814052769spmidfrom =
333.337.0.0; https://www.bilibili.com/video/BV1n7411W7uH?from=searchseid=5191564554814052769spmidfrom =
333.337.0.0; https://www.tuliu.com/read-121860.html;

44Source: https://www.bilibili.com/video/BV1Y741167Yp/?spmidfrom = autoNext.
45Source: http://www.moa.gov.cn/xw/qg/202002/t202002246337603.htm.
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the emergency lane in Shaanxi province, thousands miles away from his home, “my

greatest hope is that I can find a place to stop, get some good sleep and eat something.”.

Fortunately, police officers got him a hotel room in a service area, Mr Xiao returned back

home on Mar 16, 68 days after his adventure 46.

46Source: https://news.cgtn.com/news/2020-02-10/The-road-back-to-Hubei-Truck-driver-says-long-
journey-still-not-over-NY4ba2qOaY/index.html; https://www.wsj.com/video/truck-driver-stuck-on-
highway-since-chinas-coronavirus-lockdown/F7097DE9-FCEB-4E13-BCAB-9D715AF84D0B.html; https://-
www.sohu.com/a/371766675 617717.
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3.8.2 Appendix Figures

Notes: The figure shows the timeline of the provincial emergency reaction level.
Figure A1: Province Emergency Reaction Level Time Line
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Notes: The figure shows how many years interviewees’ cash or deposit could subsist their
expenditure if they become unemployed. Y-axis represents length of subsistence = cash or
deposit/ family’s expenditure. X-axis represents deciles at income distribution.

Figure A2: Subsistence Years After Unemployed
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Notes: The figure shows the number of confirmed cases and the zero-Covid duration for
prefectures by lockdown status. Duration outliers (95 percentile) are dropped from this
graph.

Figure A3: Duration and Confirmed Cases by Lockdown
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Notes: The figure shows coefficients and 95% confidence intervals from estimating the leads
and lags regression in equation (2), where the dependent variable is the natural log of hours
worked. All effects are relative to 2018.

Figure A4: Dynamic Effects: Hours Worked
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Notes: In this figure we demonstrate the exogeneity of treatment conditional on prefecture
characteristics. Blues bars denote the similarity between prefecture A and B. Pink bars
denote different timing of case report, which is highly likely driven by random factors. The
shadowed area denotes zero-Covid duration.

Figure A5: Conditional-Exogenous Treatment
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Notes: The figure shows that conditional on the the number of days with confirmed cases
(X-axis), the Duration (Y-axis) is highly likely driven by random factors. Outliers (95
percentile) of Days with New Cases are dropped from graph.

Figure A6: Conditional-Exogenous Treatment 2
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Notes:The figure shows the estimated effect of zero-covid policy on probability of unem-
ployment, from July to December. Reporting 90% confidence intervals.

Figure A7: Treatment Effect by Survey Month
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3.8.3 Appendix Tables

Table A1: Sample by Waves

B

Year Prefectures Obs Share

r1 2014 125 16246 .26

r2 2016 125 17453 .28

r3 2018 123 18379 .29

r4 2020 121 11265 .18

r5 . . 63343 1

Notes: The table reports the distribution of sample sizes across four waves (2014, 2016, 2018 and 2020).
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