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A B S T R A C T   

By employing the city-level data from China during the spring of 2020, this study investigates the relationship 
between city-level resilience against the outbreak of COVID-19 pandemics and its affecting factors, including the 
inflow risk pressure of COVID-19 virus (population inflow from the epicenter), city agglomeration characteristics 
(urban population density and city size), healthcare resource adequacy, among others. The results reveal that, 
while managing COVID-19 inflow risk pressure plays a critical role in the city’s pandemic disaster resilience, city 
agglomeration characteristics also matters. To be exact, we find that large and high-density cities with high inter 
and intra-city mobility flows have more difficulties in containing the epidemic spread, but improving healthcare 
infrastructure adequacy and urban governance capacity can increase time efficacy of pandemic control and then 
improve the city’s resilience against pandemic. Although our analysis is based on the performance of Chinese 
cities in the case of COVID-19, the research framework can be applied in understanding COVID-19 control 
performance of cities in other countries and the findings can be useful for improving health-related urban 
resilience and sustainability.   

1. Introduction 

Coronavirus disease 2019 (COVID-19), assessed by the United Na-
tions as the biggest challenge facing the whole human since the World 
War II, has triggered extensive scientific research from various per-
spectives (OECD, 2020; The Lancet, 2020b; WHO, 2020b). Urban 
characteristics, such as city size, density, geographic distance to the 
domestic epicenter and health infrastructure, have large impacts on 
resilience of a city against the outbreak of COVID-19 pandemic (Florida, 
2020; Glaeser, 2020; The Lancet, 2020b). While infectious diseases has 
occurred with increasing frequencies in cities in recent decades (Zar-
ocostas, 2020, Jones et al., 2008), there is still significant knowledge 
shortage concerning the role of urban characteristics in city’s epidemic 
resilience. 

In an urban resilience perspective, urban preparedness and emer-
gency governance for infectious diseases has shown many loopholes and 
difficulties facing the challenge of COVID-19 (Acuto, 2020; Florida, 
2020; Kraemer et al., 2020; Tian et al., 2020). Deeper understanding of 

urban resilience for health urgency events can not only help to guide 
post-disaster socioeconomic recovery, but also inform key factors and 
issues necessary to be taken care of for the next coming pandemic di-
sasters. Different with natural disasters whose durations are usually not 
in the hand of human control, pandemic disaster impacts vary greatly in 
time duration depending on urban preparedness and intervention 
measures (Lee et al., 2020; Peak et al., 2020; The Lancet, 2020b). The 
differences can be attributed to factors including population density and 
connectivity, emergency data and governance capability, information 
validation and dissemination, as well as citizen and community 
engagement (Lee et al., 2020). Thus, comparative studies of COVID-19 
situation across cities can add knowledge to resilience framework 
regarding pandemic mitigation measures. Such evaluations would help 
city planners, policy-makers, and managers to understand better the 
current resilience level of cities against pandemic disasters (Fastiggi, 
Meerow, & Miller, 2020; Hernantes, Maraña, Gimenez, Sarriegi, & 
Labaka, 2019; Scott, 2020). 

To provide timely-needed empirical knowledge on factors that 
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affecting a city’s pandemic disaster resilience, this paper analyzes the 
relationship between a set of key urban characteristics and varibles, 
including COVID-19 inflow risk pressure from the epicenter, economic 
activity scale and population density, and healthcare burden, of 120 
prefecture-level cities in China and the time these cities spent to contain 
the outbreak of COVID-19 disease in spring of 2020. The paper primarily 
measures the time to contain the outbreak of COVID-19 virus by the 
length of the days from the day with the first confirmed case of COVID- 
19 to the day after three successive days without any single confirmed 
COVID-19 case, with other alternative measures for robustness checks. 
Besides controlling for the inflow risk pressure of virus transmission by 
using the amount of population inflow from Chinese first reported 
epicenter of COVID-19 (Wuhan city), the paper explores the roles of 
several factors including the proximity to the domestic epicenter, 
characteristics of urban agglomeration e.g. city size and city density, 
economic development levels, healthcare resource adequacy in the 
emergency status, and experience in previous major infectious diseases. 

This study contributes to the existing literatures on urban resilience 
that so far mostly focusing on natural disaster (Biggs et al., 2012; Turner 
et al., 2003; Zou, Lam, Cai, & Qiang, 2018; Qiang, Huang, & Xu, 2020). 
Moreover, this paper studies the duration time to put disease outbreak 
under control instead of socioeconomic consequences of diseases that 
commonly investigated in previous literature, contributing to expanding 
the knowledge of urban disaster preparedness that can be used to 
improve urban planning and emergency governance strategies from the 
novel viewpoint of time efficiency of outbreak control. Practically, this 
study provides policy-makers and urban planners with useful empirical 
evidence and takeaways regarding preparations for future pandemic 
disasters. 

The paper will be organized into the following sections. The second 
section first reviews related works and then develop the main hypoth-
eses to be empirically tested in the paper. The third section explains the 
data sources, discusses variable definition and presents the empirical 
approach of this paper. Section 4 presents the econometric model re-
sults, robustness checks and discussions of findings. Finally, the paper 
concludes with policy recommendations in section 5. 

2. Literature review and hypothesis development 

The research work of this paper is situated at the intersection point of 
several strands of literature, including urban resilience, emergency 
management, urban governance, healthcare provision, and social 
epidemiology research. Below, the paper first briefly reviews theoretical 
literatures on urban resilience, and how the framework can and should 
further incorporate empirical evidence on resilience against pandemic 
disasters. Then, previous studies on key factors related to resilience 
against pandemic disasters are examined, including a city’s geographic 
proximity to the domestic epicenter, population inflow from the 
epicenter, city density, urban economic activity scale, healthcare re-
sources adequacy, and previous pandemic experiences. These reviews 
and discussions form the theoretical mechanisms underlining the main 
hypotheses to be tested in the paper. 

2.1. Urban resilience 

The term resilience was by Holling (1973) initially introduced the 
term resilience as a determinant of how system relationships are per-
sistant and how systems absorb changes of their variables (Ribeiro & 
Gonçalves, 2019). Among myriads of definiations of resilience, this 
study focuses on the maintenance, resistance, and recovery perspective 
of resilience (Allenby & Fink, 2005; Zhou, Wan, & Jia, 2010). In the 
urban resilience perspective, the adopted definition of resilience focuses 
on how a city can absorb and adapt to external pressures during any 
crisis, hazards or disasters (Rus, Kilar, & Koren, 2018; Zhu, Li, & Feng, 
2019). Specifically, Meerow, Newell, and Stults, 2016, page 39) define 
urban resilience as how an urban system can “maintain or rapidly return 

to desired functions in the face of a disturbance, to adapt to change, and 
to quickly transform systems that limit current or future adaptive ca-
pacity” (Cariolet, Vuillet, & Diab, 2019). 

Resilience has gained increasing interests in urban studies due to its 
applicability to better understand and improve governance for urban 
disasters and emergencies (Fastiggi et al., 2020; Godschalk, 2003; 
Wardekker et al., 2020). Urban resilience is used as de facto framework 
for enhancing emergency preparedness, response, and recovery (Cutter, 
Ash, & Emrich, 2014). However, resilience research faces several issues 
that hinder its usefulness and applicability in guiding planning and 
intervention practices, which include the lack of clear-cut definition 
(2008, Cutter et al., 2014; Wardekker et al., 2020), and dearth of 
empirical data in a disaster conditions to quantify the impacts of key 
determination factors of resilience (Chen & Zhang, 2020; Sherrieb, 
Norris, & Galea, 2010; Qiang et al., 2020). 

2.2. Resilience and pandemic emergency governance 

The ongoing global spread of COVID-19 pandemic presents chal-
lenges to urban emergency governance as well as opportunities and 
empirical data to study urban disaster resilience. First, as a health 
disaster, the study of COVID-19 adds to the existing resilience literatures 
that mostly focus on environmental disasters (Shamsuddin, 2020; Zou 
et al., 2018). Recent decades witness many emerging infectious diseases 
occurring at an increasing scale and frequency, such as Ebola virus 
disease, severe acute respiratory syndrome (SARS), avian and pandemic 
influenza, Middle-East respiratory syndrome (MERS), and the most 
recent COVID-19 (Jones et al., 2008; McCloskey, Dar, Zumla, & Hey-
mann, 2014; The Lancet, 2020b). As the outbreaks of contagious dis-
eases typically struck the cities without any early warning and resulted 
in wide-ranging negative socioeconomic shocks, there is an increasing 
call for health disaster preparedness to be crucially included in the 
design of urban resilience frameworks (Kruk et al., 2017; Lee et al., 
2020; McCloskey et al., 2020). Especially, Jovanović et al. (2020) pro-
pose that future solutions to pandemic disasters (such as COVID-19) 
should use resilience indicators that are adopted and adapted from 
other critical infrastructure evaluation. Some urban resilience and 
vulnerability frameworks have been proposed for COVID-19. For 
example, Mishra, Gayen, and Haque (2020) devised a COVID Vulnera-
bility Index using Analytic Hierarchy Process for India including vari-
ables such as population density, residential building quality, and 
distance from drinking water. Peters (2020) creates a COVID-19 sus-
ceptibility scale at the county level, USA with indicators including 
population density, percentage of elderly population, and 
COVID-19-related disease mortality. Our study aims to fill in the 
research gap to provide further solid empirical evidence for pandemic 
disaster resilience framework. 

With the increasing availability of big data and advanced informa-
tion technology, unprecedentedly close monitoring of population 
mobility has been placed during COVID-19 outbreak and different 
public health intervention measures have been implemented (Beria & 
Lunkar, 2021; OECD, 2020; Peak et al., 2020; WHO, 2020a). With new 
means of syndromic surveillance, more prompt execution of travel 
prohibit and stricter enforcement of quarantine of infected people and 
their contacts (Bauch & Anand, 2020; Chinazzi et al., 2020; The Lancet, 
2020a), the correlation between urban agglomeration characteristics 
and COVID-19 transmission speed may have different patterns as 
compared to previous major. With advancement of information tech-
nology, extensive surveillance systems that installed in high-density 
areas can assist the public authority to put the mobility of infected 
cases or potential virus carriers under closer monitoring and more 
prompt to limit their contagion risks (Wilder-Smith & Freedman, 2020). 
Meanwhile, high-density areas may facilitate the spread of epidemic 
information, health knowledge as well as news of health policy inter-
vention measures (The Lancet, 2020a). Further, quarantine of patients, 
people screening, proactive testing, travel restrictions to the extent of 
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complete lockdown, and other forms of prevention and control measures 
would be more likely to be implemented in urban areas (Bauch & Anand, 
2020; Chinazzi et al., 2020; The Lancet, 2020b). In addition, the com-
munity coordination of public health intervention would be more 
effective in urban areas (Jia et al., 2020). These advantages of higher 
density would be especially true in the case of China, where the state has 
high authority power to control population mobility and has installed 
extensive surveillance systems everywhere in the downtowns of major 
cities (Kupferschmidt & Cohen, 2020; WHO, 2020a). Nonetheless, even 
taking into account of all these new technology developments, big and 
high-denser cities still intuitively appear to be more vulnerable to the 
outbreak of health disaster due to the high population mobility, high 
frequency of travels and economic activities (Florida, 2020; Glaeser, 
2020). 

In summary, the research of urban resilience is extensive but still 
needs clear-defined empirical and practical studies to solidify its 
contribution to urban emergency governance and planning management 
practices. With respect to urban resilience against epidemic outbreak, 
the existing literature has generally investigated connections between 
the spread of the infection in cities and certain urban agglomeration 
characteristics. However, yet no study has explored how the urban 
agglomeration characteristics correlate with a city’s time efficiency of 
containing the outbreak of virus, the indicator that can reflect a city’s 
resilience against epidemic outbreak. This paper sets out to bridge this 
gap. 

2.3. Hypothesis development 

To address the ongoing debate, we develop 3 hypotheses mainly 
concerning whether cities with higher population inflow risk pressure 
from the epicenter, larger economic activity scale and higher population 
density, or healthcare burden would suffer prolonged or shorter time of 
disease control. This paper chooses to study the time length to brake the 
spread of COVID-19 virus rather than the peak number of COVID-19 
infection case, as the former indicator can better reflect the initial 
stage of a city’s resilience for preparedness when struck by the sudden 
outbreak of a pandemic. Our 3 hypotheses are present as below: 

H1. The time that a city spent to contain the epidemic outbreak is 
longer when there is higher population inflow risk pressure from the first 
reported domestic epicenter to this city. 

Geographic proximity to the domestic epicenter is widely suspected 
to have great influence on the between-city transmission of disease. An 
earlier literature has proposed that closeness to the first epicenter 
(Wuhan) could be a significant independent predictor of the number of 
confirmed COVID-19 cases in Chinese cities, especially in the immediate 
stage after the outbreak of pandemic (Liu, 2020; Qiu, Chen, & Shi, 2020) 
(Fig. 1). Liu (2020) estimated that 1% closer of the distance to Wuhan 
city is associated with 0.96 % higher the confirmed infection number in 
the city (Liu, 2020). We thus expect that higher number of inflow pop-
ulation from the domestic epicenter in proportion to the city total 
population results in prolonged length of contagious disease control. 

H2. The time that a city spent to contain the spread of epidemic is 
longer when the city has a large economic activity scale and a higher 
population density. 

Higher population density can create vulnerability to natural and 
pandemic disasters (Connolly et al., 2020; Prashar, Shaw, & Takeuchi, 
2012). Emerging infectious diseases are either reported to originate in 
urban settings (such as COVID-19), or rapidly propagate in urban areas 
(such as SARS Zika virus) (Cho et al., 2016; Metsky et al., 2017). An 
analysis of a database of 335 emerging infectious diseases (EID) ’events’ 
(origins of EIDs) between 1940 and 2004 suggests that human popula-
tion density was a common significant independent predictor of EID 
events in all categories (Jones et al., 2008). Bhadra, Mukherjee, and 
Sarkar (2020) have found moderate association between Covid-19 

spread (measured by infection and mortality rate) and population den-
sity in India. However, so far there is no widely-accepted consensus on 
the role of city size and population density in the infection and mortality 
rate of infectious diseases. For example, a study of the 1918 influenza 
pandemic in the U.S cities find that factors such as, population size or 
density, were not significantly correlated with city-level excess deaths in 
1918–1919 (Bootsma & Ferguson, 2007). Sun, Zhang, Yang, Wan, and 
Wang (2020) that population density cannot affect COVID-19 spreading 
under strict lockdown policies in China. A recent study of COVID-19 
finds that both urban area and population density are negatively 
correlated with the city-level confirmed COVID-19 cases in urban China 
(Liu, 2020). The author suspected that this “counter-intuitive finding” 
was largely due to a special reason that population outflows from Wuhan 
city during the “spring rush” that mainly inflowed to small cities or even 
rural areas (Liu, 2020).1 

Big cities with higher scale of economic activities are usually asso-
ciated with higher propensity of social contact and transmission from 
various factors including crowded indoor and outdoor living, closely 
packed public transport systems, higher difficulties for isolation and 
social distancing, they thus intuitively appear to has less resilience 
against the outbreak of epidemic (Block et al., 2020; Chu et al., 2020; 
Florida, 2020; Glaeser, 2020; Lai, Webster, Kumari, & Sarkar, 2020; 
Peak et al., 2020). Florida (2020) identifies 3 types of cities that are most 
severely hit by COVID-19, which include: 1) large dense superstar cities 
(New York and London), which are vulnerable due to large flow of 
people; 2) industrial centers (Wuhan, Detroit and Northern Italy), which 
are connected through supply chain; and 3) tourist meccas (ski slopes of 
Italy, Switzerland, and cities in the Colorado Rockies). In general, these 
are places with high population density and/or economic activity scales. 
We thus propose cities with higher population density and economic 
activity scales would have more difficulties to achieve a timely 
containment of COVID-19 spread. 

H3. The time that a city spent to contain the spread of epidemic is 
shorter when the city has a higher adequacy of healthcare facilities and 
previous pandemic disease experiences. 

The ratio of COVID-19 cases to health-care resource availability and 
accessibility (such as the number of hospitals in a city) have been used to 
measure adequacy of healthcare facilities (Ji, Ma, Peppelenbosch, & 
Pan, 2020), and experiences for handling previous pandemics (such as 
SARS) represent previous pandemic disease experiences (Fang et al., 
2012). Previous research has found the critical importance of healthcare 
resource in mitigating the transmission risk of epidemic (Fang et al., 
2012; Ji et al., 2020). Some early studies on COVID-19 containment 
clearly indicate high impacts of healthcare resource adequacy and 
healthcare burden on COVID-19 mortality rates and mitigation. Ji et al. 
(2020) postulated that higher mortality rates in the epicenter of China 
(Wuhan and Hubei) is likely to be related to an insufficiency of 
health-care resources facing the rapid escalation in the number of in-
fections. They showed a significant positive correlation between mor-
tality and health-care burden (numbers of infections in a given 
population). Evidence have suggested that insufficient healthcare re-
sources could lead to more likely crash of healthcare system and higher 
mortality (Ji et al., 2020). Inequalities of healthcare facility accessibility 
further place certain population in excessively high health risks and 
disproportionate impacts of COVID-19 pandemic (Kraemer et al., 2020; 
Lee et al., 2020; Peak et al., 2020). 

1 “Spring rush” or “Spring festival travel rush” is referring to the phenomena 
that Chinese would go back to their hometowns to reunite with their family 
members remaining there during the most important festival——spring festival, 
just like people in the western world do during the Christmas holiday. With 
billions of passengers travelled during the roughly 1.5 month season, it is 
arguably the largest-scale annual human migration of human being history (Hu, 
2019). 
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We also concern the impacts of past experiences of infectious dis-
eases to the epidemic preparedness. It has been suggested that infectious 
disease experiences may enhance preparedness of cities against coming 
pandemics (The Lancet, 2020b). For example, as post-hoc pandemic re-
action, many authorities in urban areas worldwide have developed in-
fectious disease surveillance systems that make use of digital and 
web-based information, or have established contingency and emer-
gency plans (Tang, Bie, Park, & Zhi, 2018). For China, the last nation-
wide pandemic was SARS in 2003. Therefore, experiences for handling 
SARS may be useful against COVID-19 outbreak. Specifically, the Chi-
nese Government established the public health system for emergent and 
novel infectious diseases after SARS in 2003, which played a significant 
role in outbreak prevention and control of H1N1 in 2009 (Fang et al., 
2012). Our final hypothesis thus postulates that higher adequacy of 
healthcare facilities and previous pandemic disease coping experiences 
in a city can help cities mitigating growth of disease case in shorter 
periods. 

3. Data description and empirical strategy 

This section first elaborates the empirical identification strategy of 
this study, and then explains the data sources, sample construction and 
variable selection to be used in the regression models. 

3.1. Empirical model 

This study employs multiple linear regression for quantitative mea-
surement with 120 prefecture-level cities in China as analytical units. 
The cities are selected subject to the data availability of key variables. 
Multiple linear regression (MLR), also known simply as multiple 
regression, is a statistical technique that uses several explanatory vari-
ables to predict the outcome of a response variable. The goal of multiple 
linear regression (MLR) is to model the linear relationship between the 
explanatory (independent) variables and response (dependent) variable. 
MLR is used extensively in econometrics and financial inference. Our 
study aims to investigate the relationship between city-level resilience 
against the outbreak of COVID-19 pandemics and its affecting factors, 
including the inflow risk pressure of COVID-19 virus (population inflow 
from the epicenter), city agglomeration characteristics (urban popula-
tion density and city size), healthcare resource adequacy, among others. 

Therefore, MLR is applicable. 
The details of data source and variable explanations are available in 

Table 1 with data source introduced in Section 3.2. Assuming COVID-19 
inflow risk pressure, the city economic activity size, population density, 
GDP per capita would correlate the time to contain the epidemic spread 
in logarithm form and the rest variables would correlate in linear form, 
we construct the econometric model as following: 

Time = α1 + β1lninflow + β2lngarbage + β3lndensity + β4lnGDPp + β4med

+ β5SARS + εi

(1)  

3.2. Data source and variable explanation 

Data used in this paper is collected from various sources, including 
China City Statistics Yearbook, Baidu migration index database, online 
government information, news reports and professional reports. Data of 
city scale (including population size, annual GDP and annual size of 
waste management), population density, the city’s annual GDP per 
capita, healthcare resource is referring to the year of 2017 and obtained 
from China City Statistical Yearbook. The year of 2017 is the latest year 
that these data are publicly available for most sample cities. We assume 
that socioeconomic variables have stayed consistenly from 2017 to early 
2020 at city-level in China, as the economy in this period was under-
going steady growth with no major disturbances or fluactuation. Below 
we explain the construction of dependent variable and key control 
variables. 

3.2.1. Time to contain the epidemic spread 
The stage with no further growth of cases is referred as the stage of 

epidemic plateau in this paper (plateau). Data related to COVID-19 in 
this study are all from the information disclosed by the National Health 
Commission of China (NHCC, 2020) and local health commission 
agencies as of March 9, 2020. We suppose the time to reach the epidemic 
plateau, reflecting the time efficacy of epidemic containment, can well 
exemplify the city’s resilience against epidemic outbreak. In the case of 
COVID-19, we use the day after three consecutive days without new case 
to identify epidemic plateau. More details of the cutoff date and plateau 
time selection is available in Appendix A, and the results are docu-
mented in Appendix Table C3. 

Fig. 1. The time to contain epidemic spread and distance to Wuhan.  
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Fig. 2 shows spatial distribution of city-level accumulated COVID-19 
confirmed cases as well as the time to control COVID-19 outbreak as of 
March 9. The time which Chinese cities spent to contain the epidemic 
spread shows less weight in spatial concentration to the proximity of 
Wuhan City and Hubei Province. Six out of the eight cities with the 
longest days spent are from Hubei Province, including Jingmen, Xiaogan, 
Ezhou, Yichang, Suizhou, and Jingzhou. These cities took more than 35 
days to brake the epidemic spread. The remaining two cities are 
Shanghai and Chongqing, which are followed by another two cities in 
Hubei Province. Outside Hubei Province, Hangzhou and Beijing also took 
significantly longer time to put the epidemic under good containment. 

3.2.2. Measurement of COVID-19 inflow risk pressure 
The estimate of population inflow from Wuhan is constructed using 

data from three sources, including the open source intercity travel 

indicators from Baidu Migration (an online migration database created 
by the largest Chinese internet search engine, Baidu), the passenger train 
schedule of Wuhan Railway Bureau, and inter-region migration data 
from previous years. This study estimates the approximate population 
inflow from Wuhan to each sample city between the period of January 
10–24, 2020. The 15-day span is selected because the traditional Spring 
Festival travel rush started on January 10 in the year of 2020 and 
population outflow from Wuhan was banned on January 23, 2020 due to 
the lockdown of Wuhan city (WHO, 2020a). The details of processing 
Baidu Migration data, along with other dataset, is available in Appendix 
B, and the results are documented in Appendix Table C1. In the left 
panel of Fig. 3, we employ the indicator of population inflow from 
Wuhan as a proportion of local population, and find it has a strong 
positive relationship with the time to contain the spread of COVID-19 
virus. It thus provides an intuitive support for Hypothesis 1. The right 

Table 1 
Variable definition and descriptive statistics.  

Variable Definition Unit Mean Variance Minimum Maximum obs 

Time: Time to contain the epidemic spread 
(reach plateau stage) 

Days from the day with first case to the day after three 
consecutive days of zero case 

Day 26.802 5.907 11 42 126 

Inflow Population inflow from Wuhan during the 2020 spring 
rush 

10,000 
persons 

4.220 11.308 .033 79.665 124 

Inflow ratio Population inflow from Wuhan during the 2020 spring 
rush/local population 

% 0.973 2.955 0.004 21.817 120 

Lninflow Log of inflow – − .037 1.608 − 3.421 4.378 124 
popu City’s urban population (2017) 10,000 

persons 
260.39 310.450 28 2450 124 

GDP City’s GDP (2017) 0.1 billion 
Yuan 

2931.6 4805.90 184.64 28178.65 119 

GDPp GDP per capita (2017) Yuan 75200 34529.15 20003 167411 117 
Garbage Total waste treatment amount (2017) 10,000 ton 103.64 145.066 11.650 924.770 124 
Density Urban population /Urbanized area of the city (2017) 10,000 

persons/  
km2 

1.2143 0.5286 0.0523 2.946 126 

med Number of Medical practitioners/Number of confirmed 
cases as of March 9, 2020 

Person/ 
Persons 

170.80 186.386 0.520 980.300 120 

Hospital bed Hospital bed number/Number of confirmed cases as of 
March 9, 2020 

Bed Number/ 
Persons 

318.26 347.096 1.309 2244.787 120 

Hospital Hospitals/Number of confirmed cases as of March 
9,2020 

Hospital 
number/ 
Persons 

1.417 1.609 0.006 9.571 120 

SARS Provincial-level SARS confirmed cases in 2003 Person 127.13 408.059 0 2521 124  

Fig. 2. Total COVID-19 confirmed cases of Chinese cities and city-level variations of the time to contain the epidemic spread.  
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panel on Fig. 3 shows that cities with higher healthcare infrastructure 
index spend shorter time in reaching the containment of epidemic 
spread, barring other controls. 

3.2.3. Population density and economic activity size 
The indicator of city’s population density is computed by population 

per area of urbanized land in the city. Therefore, compared with the 
population density calculated by dividing total population in the city’s 
jurisdiction (often including rural population) by administrative area, 
population density used in this study reflects population aggregation of 
cities in a more accurate and authentic manner. For economic activity 
size, this study selects waste treatment amount as the proxy variable of 
city economic activity size to mitigate collinearity that other key inde-
pendent variables are closely associated with city economic activity size. 

3.2.4. Healthcare infrasutructre adequecy 
Because COVID-19 was a major public health emergency, the 

commonly used per capita healthcare resource indicator may not reflect 
the healthcare resource adequacy at the urgent time. Therefore, in 
addition to per capita indicators of healthcare resources, this study also 
measures healthcare resource adequacy by dividing healthcare re-
sources by the number of accumulated cases by March 9, 2020. 
Healthcare resources indicators in this paper refer to medical practi-
tioners, hospital beds and hospitals. In order to improve the robustness 
of healthcare resource adequacy indicator, we use, referring to the 
report of Ni and Li’s (2020) healthcare infrastructure index. This study 
adopts the total confirmed cases of SARS at province-level as the proxy 
indicator for the experience a city accumulated in responding to major 
public health emergencies, and the data source is from China’s Public 
Health Data Center2, since confirmed cases of SARS were disclosed only 
at province-level, and the provincial government in China plays a 
leading role in building public health system. 

3.2.5. Other control variables 
To cities in Hubei Province, population inflow from Wuhan was also 

much larger than that to cities outside Hubei Province (cf. Appendix C: 
Table C2). Therefore, we add the dummy variable, “Hubei: whether the 
city is in Hubei”, into the regressions and compare the econometric re-
sults with and without cities of Hubei Province. In addition, to migrate 
estimation bias due to regional clustering, we divide31 provinces, of 
mainland China into seven regions. Detailed designation of provinces in 
a given regional clustering is given in Appendix C: Table C4. Clustering 

robust standard errors are estimated based on these seven geographic 
regions. 

4. Empirical results and discussion 

4.1. Regression results 

This study constructs multiple linear regression model to quantify 
the correlations between the time for cities to reach epidemic plateau 
with a number of city characteristics. Benchmark regression results are 
shown in Table 2. We first explore the effects of COVID-19 inflow risk 
pressure on urban epidemic control efficacy. The results demonstrate 
that COVID-19 inflow risk pressure is positively correlated to the time 
for cities to reach epidemic plateau when population density, healthcare 
infrastructure index, city economic activity size (especially when indi-
cated by waste treatment amount) are controlled. Regression co-
efficients remain stable under various model settings. Specifically, 
according to the results of Table 2, COVID-19 inflow risk pressure 
significantly prolongs the time to reach COVID-19 case plateau. At the 
mean value of the samples, 100 % increase in COVID-19 inflow risk 
pressure (population inflow from Wuhan as proportion of local popu-
lation) postpones the average time for reaching epidemic plateau by 
1.03–1.18 day. Then, we also anticipate that city economic activity size 
increase difficulty in epidemic control significantly. According to col-
umn (4) and (5) of Table 2, at the mean value of the samples, 100 % 
increase in city economic activity size (i.e. waste treatment amount) 
postpones the average time for reaching epidemic plateau by 2.8–2.93 
days when other conditions remain constant. 

Besides, we investigate the effects of population density on urban 
epidemic control efficacy. The results demonstrate that population 
density is positively correlated to the time for cities to reach epidemic 
plateau. at the mean value of the samples, 100 % increase in city pop-
ulation density postpones the average time for reaching epidemic 
plateau by 2.15–2.32 day, suggesting that COVID-19 outbreak is harder 
to contain in cities with higher population density. 

Meanwhile, we find that adequacy of medical practitioners signifi-
cantly shortens the time for reaching epidemic plateau. As shown in 
Table 2, increasing one doctor per patient shortens the time for reaching 
epidemic by around 0.012− 0.013 days. On the other hand, the impacts 
of SARS confirmed cases in 2003 in Table 2 is not significant. Based on 
the above results, it can be summarized that the time to reach epidemic 
plateau is subject to COVID-19 inflow risk pressure, city economic ac-
tivity size, population density, and adequacy of medical practitioners. 
Inflow risk pressure and city activity size (identified by volume of 
garbage treatment per day) are also consistently positive and significant, 
which are expected in our hypothesis. 

Fig. 3. Correlations between COVID-19 inflow risk pressure, health infrastructure and the time to contain the epidemics spread.  

2 Source: China’s Public Health Data Center http://www.phsciencedata.cn/ 
Share/index.jsp. 
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4.2. Robustness tests 

To examine the robustness of the results of Table 2, several alter-
native models have been conducted several for robustness tests. First, we 
explore alternative model variables including ratio of population inflow 
from Wuhan the city’s population, logarithm of per capita GDP (directly 
taken from China City Statistical Yearbook (lnGDPp) and our own 
calculation based on GDP within city ministration boundary divided by 
population within city ministration boundary(lnGDP/pop)), and alter-
native measures of health infrastructure adequacy (hospital bed per 
patient and health infrastructure index explained in section 3.2(3)). The 
result in Table 3 demonstrates that the effects of population density, 
COVID-19 inflow risk pressure, adequacy of medical practitioners, and 
city economic activity size have robust effects to the length of days to 
reach COVID-19 case plateau. Moreover, inflow population ratio, ade-
quacy of hospital beds, and healthcare infrastructure index also 
demonstrate expected effects with similar direction to their alternative 
variables (total COVID inflow risk pressure and medical practitioner 
adequacy, respectively). 

We further explore factors affecting the time for cities to reach 
epidemic plateau by adding different interaction terms. Column (2) and 
(3) of Table 4 demonstrate that effects of population and city economic 
activity size has varied effects with respect to different COVID-19 inflow 
risk pressure. Higher density actually mitigates higher inflow risk 
pressure, while larger economic activity size actually multiplies the ef-
fects of higher COVID-19 inflow risk pressure. Column (4) shows that 
higher number of medical practitioners per patient has diminishing ef-
fects when city grows in economic activity sizes. Contrarily, column (6) 
shows that that higher number of medical practitioners per patient has 
increasing effects in shortening days to reach epidemic plateau in when 
city population density is higher. 

4.3. Discussion 

4.3.1. Factors for city resilience against epidemic outbreak 
In this paper, we test 3 hypotheses related to the factors for cities 

against COVID-19 pandemics in China. The findings for each hypothesis 
is shown below:  

• The first hypothesis (H1) is that the time that a city spent to contain 
the epidemic outbreak is longer when there is higher population 
inflow risk pressure from the first reported domestic epicenter to this 
city. The model results substantiate this intuitive hypothesis as 100 
% increase in COVID-19 inflow risk pressure (population inflow from 
Wuhan as proportion of local population) postpones the average time 
for reaching epidemic plateau by 1.03–1.18 day. Our results also 

Table 2 
Factors that correlated with a city’s time to contain the spread of COVID-19 (benchmark results).   

(1) (2) (3) (4) (5) 
VARIABLES time time time time time 

lninflow 1.033*** 1.074** 1.180*** 1.150*** 1.048**  
(0.223) (0.332) (0.265) (0.255) (0.342) 

lnpopu 3.574***    3.217**  
(0.679)    (1.154) 

lnGDP  3.226***   1.240   
(0.868)   (1.171) 

lngarbage   2.798*** 2.934***     
(0.671) (0.594)  

lndensity  0.628 2.322*** 2.152*** − 0.084   
(0.855) (0.522) (0.410) (1.195) 

lnGDPp  − 2.206 0.987 0.713    
(1.795) (1.055) (0.947)  

bidoctor − 0.012*** − 0.012*** − 0.012*** − 0.012*** − 0.013**  
(0.003) (0.003) (0.002) (0.002) (0.003) 

hubei 6.771*** 6.791*** 6.819***  6.537***  
(0.729) (1.393) (1.152)  (1.254) 

SARS     − 0.071      
(0.146) 

Constant 0.169 13.608 − 26.972* − 22.605* − 10.930  
(2.329) (22.903) (13.828) (11.030) (20.716)  

Observations 119 117 117 106 109 
R-squared 0.627 0.653 0.635 0.531 0.633 

Notes: (1) The t value in parentheses is calculated by using the Chinese 7 major geographic regions level clustering robust standard error; (2) *, **, *** are statistically 
significant at the 10 %, 5%, and 1% levels, respectively. 

Table 3 
Factors that correlated with a city’s time to contain the spread of COVID-19 
(robustness checks).   

(1) (2) (3) (4) 
VARIABLES time time time time 

lninflow 1.211***  1.222*** 1.283***  
(0.271)  (0.268) (0.186) 

lngarbage 2.555*** 3.574*** 2.621*** 3.117***  
(0.669) (0.745) (0.676) (0.646) 

lnGDP/pop 1.438 0.466    
(0.919) (1.097)   

lndensity 2.880*** 2.426*** 2.213*** 2.374***  
(0.732) (0.505) (0.542) (0.568) 

bidoctor − 0.012*** − 0.015***    
(0.002) (0.002)   

hubei 6.625*** 9.508*** 6.612*** 5.303***  
(1.141) (0.628) (1.242) (0.879) 

inflowratio  21.789***     
(3.135)   

lnGDPp   0.962 0.939    
(1.167) (1.206) 

Hospital bed   − 0.006***     
(0.001)  

medicalindex    − 0.442***     
(0.066) 

Constant − 36.668* − 14.505 − 25.446 − 22.735  
(15.390) (13.712) (14.709) (15.616)  

Observations 119 119 117 118 
R-squared 0.641 0.606 0.628 0.623 

Notes: (1) The t value in parentheses is calculated by using the Chinese 7 major 
geographic regions level clustering robust standard error; (2) *, **, *** are 
significant at the 10 %, 5%, and 1% levels, respectively; (3) Samples in the table 
only include cities outside Hubei Province. 
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complement previous finding that closeness to the first epicenter 
(Wuhan) could be a significant independent predictor of the number 
of confirmed COVID-19 cases in Chinese cities (Liu, 2020). Though 
population inflow from Wuhan is obviously correlated with closeness 
to Wuhan, measuring inflow would more likely highlight the chal-
lenges of some megacities (such as Shanghai, Shenzhen, Beijing) that 
may not be geographically close to Wuhan but still have large 
amount of inter-city population mobility.  

• The second hypothesis (H2) is that the time that a city spent to 
contain the spread of epidemic is longer when the city has a large 
economic activity scale and a higher population density. The model 
results consistently validate this hypothesis as in all models higher 
volume of garbage treatment in a city prolongs the time to contain 
the disease case number. This provides empirical evidence for Lai 
et al. (2020) who argue that the difficulty in controlling infectious 
disease outbreak is much higher in large cities. In term of population 
density, the model results largely validate this hypothesis, except for 
the models that include GDP as control variables (in which case, the 
coefficients for density is not significant). Nonetheless, density or 
GDP can both represent intra-city mobility of social or economic 
activities, which could spur spread of infectious diseases (Dalziel, 
Pourbohloul, & Ellner, 2013). Thus, our findings can be seen as 
empirical evidence for Glaeser’s (2020) argument that density and 
urban proximity is usually deemed to “enable the spread of illness.” 
Hypothesis 1 and 2 highlight two aspects that highlight the chal-
lenges facing cities for pandemic control—inter- and intra-city 
mobility. Furthermore, when modeling the interaction term of 
higher population inflow risk pressure and population density, they 
contribute to marginal increase of disease control time effects of each 
other.  

• The third hypothesis (H3) is that the time that a city spent to contain 
the spread of epidemic is shorter when the city has a higher adequacy 
of healthcare facilities and previous pandemic disease experiences. 
This factor is arguably a more controllable factor by urban planning 
and governance. Our results, with various healthcare resource 

adequacy factors tested (including adequacy of medical practi-
tioners, hospital beds, or composite index of healthcare infrastruc-
ture), consistently suggest that better healthcare resource adequacy 
can significant shorten the time for cities to contain the spread of 
epidemic. Increasing one doctor per patient shortens the time for 
reaching epidemic by around 0.012− 0.013 days It echoes with pre-
vious research’s findings about critical importance of healthcare 
resource in mitigating the transmission risk of epidemic (Fang et al., 
2012; Ji et al., 2020). However, we do not find any correlation be-
tween previous pandemic disease experience at the city-level and the 
time to contain the COVID-19 outbreak. It is likely that COVID-19 is 
much different to any past major epidemic, e.g. characterized with 
most infected cases are having mild symptoms or even symptomless. 

In general, our results alarm the challenges of extended urbanization 
facing infectious diseases, echoing arguments by Connolly, Keil, and Ali 
(2020). From the perspective of human activities in cities, urbanization 
increases intra-city (related to the economy activity size and density 
variables) and inter-city mobility (related to the inflow risk pressure 
variable) (Dalziel et al., 2013), which are key drivers of infectious dis-
ease dynamics for cities. From the perspective of urban governance, 
healthcare infrastructure and governance capacity inadequacy in the 
fast-growing urbanization potentially increase vulnerability to infec-
tious diseases in peri- or suburban areas (Connolly et al., 2020). The 
interaction term’s coefficients in our model show that increased ade-
quacy of medical practitioners are still insufficient to address marginal 
increase in disease control difficulty for cities with large economic ac-
tivity sizes. 

The results of this study complement the current framework of urban 
resilience that mostly focus on environmental, socioeconomic, or natu-
ral disaster resilience (Shamsuddin, 2020; Zou et al., 2018). Especially, 
this study uses empirical data in a pandemic disaster to understand key 
Ex Ante factors for urban disaster resilience which includes urban 
economy activity size, population density, and healthcare infrastruc-
ture. On one hand, the results highlight key vulnerabilities of worldwide 

Table 4 
Factors that correlated with a city’s time to contain the spread of COVID-19 (interaction term: moderating effects).   

(1) (2) (3) (4) (5) (6) 
VARIABLES time time time time time time 

lninflow 1.344*** − 5.660** 3.469*** 0.526*** 1.002*** 1.043***  
(0.267) (1.775) (0.693) (0.139) (0.222) (0.187) 

lngarbage 3.188*** 3.169*** 9.195*** 1.972*** 18.870* 3.124***  
(0.414) (0.460) (1.447) (0.387) (8.653) (0.401) 

lndensity 1.923*** − 4.522* 1.853** 2.181*** 8.451* 3.574***  
(0.511) (1.892) (0.524) (0.429) (3.776) (0.710) 

bidoctor 0.004 − 0.012*** − 0.014*** − 0.069*** − 0.012*** 0.087**  
(0.011) (0.002) (0.002) (0.006) (0.002) (0.030) 

hubei 6.357*** 7.464*** 5.771*** 7.361*** 7.648*** 7.443***  
(1.021) (0.851) (0.778) (0.599) (0.906) (0.754) 

Doctor*inflow − 0.002       
(0.001)      

Density*inflow  0.721***       
(0.179)     

Garbage*inflow   − 0.633***       
(0.159)    

Doctor*garbage    0.011***       
(0.001)   

Density*garbage     − 1.707       
(0.920)  

Density*Doctor      − 0.011**       
(0.003) 

Constant − 15.180** 47.481** − 34.569*** − 4.493 − 72.321* − 27.674***  
(5.559) (18.127) (9.142) (3.990) (35.056) (6.959)  

Observations 119 119 119 119 119 119 
R-squared 0.636 0.637 0.650 0.671 0.641 0.644 

Notes: (1) The t value in parentheses is calculated by using the Chinese 7 major geographic regions level clustering robust standard error; (2) *, **, *** are significant at 
the 10 %, 5%, and 1% levels, respectively; (3) Samples in the table only include cities outside Hubei Province. 
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cities against pandemic disasters. On the other hand, the results of single 
indicators as well as their interactions provide basic data for resilience 
indicators for urban pandemic resilience. For example, our results show 
that increased adequacy of medical practitioners can mitigate pandemic 
disaster vulnerability in high density cities (shown by the negative co-
efficients for the interaction term), but cannot achieve the similar effects 
for large-scale economic activity. Moreover, how urban characteristics 
interplay with other socioeconomic factors (including poverty and in-
come) that have strong influence on severety of outbreak and how these 
factors should be considered in urban planning, design and governance, 
are subject to future investigation (Das et al., 2021; Sannigrahi, Pilla, 
Basu, Basu, & Molter, 2020; Silva et al., 2021; Wang, 2021). 

4.3.2. Takeaway for practice 
Our results provide several takeaways for urban planning and 

governance practices. First, higher urban density has been recognized 
more sustainable development pattern as it saves land resource as well 
as associates with less carbon emissions per capita (Chen and Zhang, 
2020; Egidi, Salvati, & Vinci, 2020; Yi, Dong, & Li, 2019). However, the 
principle of compact and smart urban planning and development needs 
to be re-evaluated due to its potential issues in pandemic control. 

Second, adequacy of healthcare infrastructure has been shown to be 
the key determinants of city-level pandemic control during COVID-19 
outbreak in China. Avoiding healthcare system collapse can avoid 
many more disease cases as well as economic losses (McKee & Stuckler, 
2020). Healthcare resource demand during COVID-19 outbreak is 
increasingly enormous worldwide. Edejer et al. (2020) projected that 
the global healthcare cost estimate for the COVID-19 response in the 
status quo scenario was US$52⋅45 billion per month during the 
outbreak. Avoiding the burden during pandemics and conserving re-
sources require intuiting early and comprehensive measures to improve 
city resilience for pandemic emergency governance. Furthermore, the 
most per capita disease burden and relative healthcare system demand 
may be highest away from major population centers, such as small cities 
and peri-urban areas (Connolly et al., 2020; Miller, Becker, Grenfell, & 
Metcalf, 2020). 

Finally, our results also highlight the importance of urban gover-
nance capacity during pandemic disasters. Controlling inflow risk 
pressure from the epicenter are found to be a key factor for infectious 
disease control, while the epicenter cannot be predicted before the 
pandemic outbreak. Thus, controlling inter-city population flow during 
pandemics need not only immediate governance responses following 
health expert suggestions, but also coordination between multiple cities. 

5. Conclusions 

Based on China’s city-level data during the initial stage of COVID-19 
pandemic outbreak, this study investigates the relationship between a 
city’s pandemic resilience and its affecting factors, including the inflow 
risk pressure of COVID-19 virus (population inflow from the epicenter), 
city agglomeration characteristics (urban population density and eco-
nomic activity size), healthcare resource adequacy, and experience of 
local government in handling major epidemics. The results in this paper 
reveal that, while managing the import of virus inflow risk pressure is 
critical in determining a city’s pandemic resilience, city’s urban char-
acteristics also matters. 

Large and high-density cities with high inter and intra-city mobility 
flows have more difficulties in containing the epidemic spread. 
Healthcare infrastructure adequacy is the key for preparing for such 
disasters, while previous pandemic disease handling experiences do not 
factor into city resilience against COVID-19. On the other hand, eco-
nomic activity size appears to as the major multiplier for inflow pressure 
and healthcare resource burden to postpone the control of COVID-19, as 
higher frequencies of travel and business meetings create more oppor-
tunities for the pandemics to spread. Cities with lower population den-
sity should also take caution as they are more sensitive to high inflow 

risk pressure due to the small cities’ lack of capacity in dealing with such 
pressure. 

Although our analysis is based on the performance of Chinese cities 
in the case of COVID-19, the research framework is universally appli-
cable and can be applied in understanding COVID-19 control perfor-
mance of cities in other countries as well as control efficacy of other 
epidemics. It calls for more comprehensive understanding of urban 
resilience and sustainability framework especially for re-evaluation of 
factors including healthcare infrastructure, city size and population 
density. As density and city economic activity size have been found 
significant in this study, it is important to further understand their 
relationship between inter- and intra-city mobility. Mobility could be 
the key mechanism of accelerated infectious disease transmission and 
becomes a bliss-and-curse for global megacities. The use of new sources 
of big data, such as mobile phone and public transport check-in data, 
would make such research extensions possible. 
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