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• Effects of built environment/human fac-
tors on the spread of COVID-19 are ex-
plored.

• Effects may vary depending on the context
and the scale of analysis.

• Contrasting evidence is reported on the ef-
fects of density, land use mix, and income.

• Access to open/green spaces and private
cars has reduced the speed of transmis-
sion.

• Socio-economic and housing conditions
are key driving factors at all scales.
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Soon after its emergence, COVID-19 became a global problem. While different types of vaccines and treatments are
now available, still non-pharmacological policies play a critical role in managing the pandemic. The literature is
enriched enough to provide comprehensive, practical, and scientific insights to better deal with the pandemic. This re-
search aims to find out how the built environment and human factors have affected the transmission of COVID-19 on
different scales, including country, state, county, city, and urban district. This is done through a systematic literature
review of papers indexed on the Web of Science and Scopus. Initially, these databases returned 4264 papers, and after
different stages of screening, we found 166 relevant papers and reviewed them. The empirical papers that had at least
one case study and analyzed the effects of at least one built environment factor on the spread of COVID-19 were se-
lected. Results showed that the driving forces can be divided into seven main categories: density, land use, transpor-
tation and mobility, housing conditions, demographic factors, socio-economic factors, and health-related factors.
We found that among other things, overcrowding, public transport use, proximity to public spaces, the share of health
and services workers, levels of poverty, and the share of minorities and vulnerable populations are major predictors of
the spread of the pandemic. As the most studied factor, density was associated with mixed results on different scales,
but about 58 % of the papers reported that it is linked with a higher number of cases. This study provides insights for
policymakers and academics to better understand the dynamic roles of the non-pharmacological driving forces of
COVID-19 at different levels.
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1. Introduction

By June 2022,WHO reported that at least more than half a billion of the
world population were infected by COVID-19. Initially, global and large
cities around the world with high levels of population and connectivity
were the epicenters of the virus. However, in a matter of a few months,
the disease reached many cities and even rural areas. Despite this, in most
countries, urban areas have higher rates of infection than rural areas.
National and local governments around the world are introducing initia-
tives tomitigate the spread of the virus and its effects on the daily life of res-
idents (Rojas-Rueda and Morales-Zamora, 2021). In parallel to finding
pharmacological treatments and vaccines to cure and prevent the spread
of the virus, the role of non-pharmacological interventions has been
increasingly recognized and prioritized. Identifying human and non-
human factors of COVID-19 transmission enables policymakers to develop
more efficient solutions (Qiu et al., 2021). The literature is enriched with
publications that have investigated the effect of the built environment,
environmental, health, socio-economic and individual factors on the spread
of COVID-19 (Sharifi and Khavarian-Garmsir, 2020). In general, there is an
argument that non-pharmacological interventions play a critical role in
mitigating COVID-19 transmission (AbouKorin et al., 2021). This study is
trying to shed more light on how non-pharmacological variables have
affected the spread of COVID-19 through analyzing empirical papers.

From the early days of this pandemic, many studies have analyzed the ef-
fects of different human and non-human factors on the spread of the virus
(Jha et al., 2021). These studies are conducted in different countries and
focus on different scales ranging from neighborhoods, cities, regions, and
countries. To synthesize the existing literature, some literature reviews are
conducted that examine the role of non-pharmacological driving factors in
the spread of COVID-19 and provide solutions and strategies for its control.

Existing literature reviews have analyzed the interlinkages between
COVID-19 and built environment factors at various national, regional,
and urban scales. These studies could be categorized into three main
themes: first, reviews that have analyzed the effect of COVID-19 on settle-
ments and residents, second, reviews that have investigated the effect of
environmental factors, planning and design factors, and resident behavior
on the spread of the virus, and third, the reviews that have scrutinized
the actions that could be done to control the spread of the virus.

Thefirst group of reviewpapers has analyzed the effect of the COVID-19
pandemic and its associated policies and restrictions on settlements and
residents. In general, these papers focus on the environmental, social, and
economic consequences of the pandemic and policies developed to battle
it. For example, Rojas-Rueda and Morales-Zamora (2021) reviewed the
empirical papers that investigated the effect of COIVD-19 on transportation
behavior and public spaces. They found that policies designed to control
2

COVID-19 reducedhumanmobility and contributed to better environmental
conditions. Similarly, Shortall et al. (2021) reviewed papers that have ana-
lyzed the positive social and economic effects of COVID-19 restriction mea-
sures. However, both of these papers focus on specific factors without
considering the importance of scale.

The second group of review papers focused on the environmental and
urban driving factors of COVID-19. These reviews have analyzed environ-
mental factors thatmay affect the spread of COVID-19. They have reviewed
the effects of factors such as urban greenery, temperature, humidity, wind,
air and water quality, and indoor environmental conditions on the spread
of COVID-19 (Wu, 2021; Teller, 2021; Valsamatzi-Panagiotou and
Penchovsky, 2022; Kumar et al., 2021; Weaver et al., 2022). Some of
them also have considered some urban factors such as urban morphology,
density, housing, health facilities, urban services, and transportation on
the spread of COVID-19 (Hussein, 2022; Azuma et al., 2020; Alam and
Sultana, 2021). Also, the effect of social variables such as ethnicity, poverty,
health insurance, occupation, and socio-economic factors on the transmis-
sion of COVID-19 is reviewed in some studies (Brakefield et al., 2022).

The third group of review papers just focused on the actions and policies
that could be implemented to control the spread of COVID-19 and mitigate
the adverse effect of this pandemic. For example, Sharifi et al. (2021) and
Hassankhani et al. (2021) analyzed the importance of smart technologies
and the deployment of technological devices to deal with the adverse
effects of COVID-19 in cities. These review papers just focused on smartness
and technology deployment without mentioning other factors. In a more
holistic review, Harris et al. (2022) investigated other urban planning ac-
tions that could be done to control the spread of COVID-19 in urban areas.

Overall, these literature reviews have focused on different aspects such
as urban planning factors (Hussein, 2022; Rojas-Rueda and Morales-
Zamora, 2021; Harris et al., 2022), urbanization (Wu, 2021), density
(Zhang and Schwartz, 2020), transport and travel behavior features
(Shortall et al., 2021, 2022), environmental factors (Azuma et al., 2020;
Valsamatzi-Panagiotou and Penchovsky, 2022; Kumar et al., 2021;
Weaver et al., 2022), smart city deployment (Sharifi et al., 2021;
Hassankhani et al., 2021), and social determinants of health (Brakefield
et al., 2022). These papers have discussed the driving factors of COVID-
19 spread, how this pandemic has affected nature, settlements, and
residents, and how urban planning can mitigate the negative effects of
the pandemic. Despite this, there are three main gaps in the literature.
First, these review papers tend to focus on specific dimensions such as envi-
ronmental, social, and transport factors and there is a lack of review articles
that explore multiple aspects simultaneously. Second, these reviews have
not made a distinction between different scales of analysis. Making such a
distinction is needed as patterns and dynamics of the spread of the virus
could be different across different scales. Third, while Alam and Sultana
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(2021), Teller (2021), andWeaver et al. (2022) have addressed different di-
mensions, their results are based on a few papers. Furthermore, they have
not followed systematic approaches in their analyses.

To address these gaps, this study reviews and analyzes the built environ-
ment and humandriving factors of COVID-19 transmission. The current study
has three main novelties in comparison to previous studies. First, we have
considered different aspects at the same time to bemore comprehensive. Sec-
ond, we havemade a distinction between different scales and categorized the
papers based on this criterion. Third, this review is systematic, and the results
are based on 166 empirical papers to havemore reliable outcomes.We aim to
review the literature to provide a better understanding of the role of the built
environment and human factors in the spread of COVID-19 on different scales
ranging from country, to state, county, city, and urban district. The study is
guided by twomain reviewquestions: First, what human and non-human fac-
tors have affected the spread of COVID-19? Second, how the patterns and dy-
namics of these factors are differentiated on different scales? As explained in
the next section, we have conducted a systematic literature review to answer
these questions. This synthesis of the literature can be used to develop more
effective solutions to deal with current and future pandemics. As this pan-
demic still is going on (August 2022), it is obvious that despite the medical
findings, non-pharmacological interventions are necessary to manage it. Ad-
ditionally, many urban and regional planning principles are needed to be
reassessed to make more resilient settlements in the future. This study
provides recommendations for policy-making to understand the effect of dif-
ferent built environment and human factors on the COVID-19 pandemic and
to make more resilient cities to future pandemics.

2. Material and methods

This paper aims to analyze the effects of built environment, socio-
economic, and demographic variables on the spread of COVID-19 cases
on different scales. To do so, a systematic literature review is conducted
to analyze different aspects of the subject. The search string is a combina-
tion of different terms related to the topic: “((“built environment” OR
“city” OR “cities” OR “neighborhood” OR “county” OR “counties” OR
“region” OR “local area” OR “district” OR “urban” OR “town”) AND
(“relationship*” OR “association*” OR “effect*” OR “impact*” OR
“influence*” OR “connection*” OR “correlation*” OR “co-relation*” OR
“link*” OR “inter-linkage*” OR “interlinkage*” OR “inter-connection*”
OR “interconnection*”) AND (“COVID-19” OR “COVID” OR “pandemic”
OR “epidemic*” OR “coronavirus” OR “SARS-CoV-2”) AND (“attribute*”
OR “characteristic*” OR “dimension*” OR “feature*” OR “factor*” OR
“variable*” OR “conditions” OR “settings” OR “pattern*” OR “structure*”
OR “arrangement”))”. This search was done in two phases on 20 October
2021. Initially, a broad search on the “Web of Science” and “Scopus”
databases returned 4264 papers. Through the first screening of the titles,
474 papers were found relevant. The main inclusion criteria in this stage
were those papers that have at least one case study and have analyzed the
factors affecting the spread of COVID-19. After screening the abstracts of
these papers 271 papers were found irrelevant. The papers that did not
have at least one built environment factor were excluded at this stage. In
the third step, the full texts of 203 papers were reviewed. 134 papers
were completely aligned with our review questions (these papers had
built environment or human factors, they had case studies and suitable
COVID-19 data and analyzed the effects of built environment and human
factors on the spread of COVID-19). Also, 32 papers were added manually
from other sources such as ResearchGate, the Google Scholar and other
databases, and the references cited in the reviewed papers. Finally, 166
papers were relevant to our main review questions and were included in
our analysis (see Fig. 1). Only empirical papers written in English are
included in the final collection All of the screening processes to select the
final papers and also the content analysis were done by one of the authors
to avoid the bias of selection. For content analysis, we developed a
Microsoft Excel sheet and extracted information related to each factor
and across different scales. The collected information was later synthesized
to report the results presented in the next section.We also conducted a term
3

co-occurrence analysis to understand the thematic focus of the reviewed
literature. For this purpose, we used VOSviewer, an open source software
tool for bibliometric analysis (https://www.vosviewer.com/).

3. Results and discussion

Based on the term co-occurrence map of the reviewed papers (Fig. 2)
and also the knowledge and judgements of the authors, the results of the
reviewed papers are presented in seven main themes. This categorization
is also based on the main factors included in the reviewed papers (see
Fig. 3). Therefore, the current analysis is constructed based on the following
factors: density, socio-economic factors, demographic factors, transporta-
tion and mobility, housing conditions, land use, and health-related factors.
Each factor has several sub-criteria (shown in Tables 1–8) that explain dif-
ferent aspects of that factor on the country, state, county, city, and urban
district scales.

3.1. Density

Density is the most critical and problematic issue in urban planning
concerning the COVID-19 pandemic. COVID-19 transmits between people
through close contact. From the very beginning, density was blamed as it
increases the likelihood of transmission. As shown in Table 1 134 out of
166 final reviewed papers have density as a criterion in their analysis.
Different types of density such as population, activity, housing, and trans-
port are the most common criteria on all country, state, county, city, and
urban district scales.

On the country scale, contrasting evidence has been reported on the
effect of density on COVID-19. While some studies found population
density as a positive and significant predictor of COVID-19 spread (Gupta
et al., 2020; Moosa and Khatatbeh, 2021), Hashim et al. (2020) and Bijari
et al. (2021) reported population density as an insignificant factor in
explaining the dynamics of COVID-19 cases globally. One of the main
reasons could be that population density on the country scale is not a
reliable factor. Because two countries with the same population and area
might have different types of population distribution.

On the state scale, 23 papers included different types of density in their
analysis. As population density is easier to calculate, most of them used this
variable instead of other types of density. Based on our review, many stud-
ies conducted in countries such as the US (Sarmadi et al., 2021; White and
Hébert-Dufresne, 2020), Italy (Ilardi et al., 2020), Iran (Ahmadi et al.,
2020), Bangladesh (Sharif et al., 2021; Alam, 2021; Rahman et al., 2021),
Oman (Al Kindi et al., 2021), France (Tchicaya et al., 2021), Nigeria
(Bayode et al., 2022) and Scotland (Rideout et al., 2021) found population
density as a positive and significant predictor of COVID-19 cases on state
scale. However, about 40 % of studies reported that population density is
not a significant factor to explain the difference in COVID-19 cases in differ-
ent states (Ramírez-Aldana et al., 2020; Gupta et al., 2020; Perone, 2021;
Gargiulo et al., 2020; Basellini and Camarda, 2021; Pilkington et al.,
2021; Sen-Crowe et al., 2021).

The highest number of papers that included population density in their
analysis is on the county scale (as shown in Table 1). About 63 % of doc-
uments on this scale found population density as a driving force of COVID-
19 spread (Wong and Li, 2020; Kim et al., 2021; Aw et al., 2021; Jo et al.,
2021; Qeadan et al., 2021; Q. Li et al., 2021; Lee et al., 2021). It is worth
mentioning that 17 out of 27 of these papers were conducted in the
US. More than 25 % of papers reported that population density is not a
significant predictor of the spread of the virus on this scale (Barak et al.,
2021; Boterman, 2020; Mollalo et al., 2020; Nguyen et al., 2020;
Ramírez-Aldana et al., 2020; Barak et al., 2021; Klompmaker et al.,
2021). The majority of these studies also were conducted in the US. In
general, as COVID-19 data in the US is released on county scale majority
of studies are done on this scale. Some studies in the US (Ruck et al.,
2021), China (Xiong et al., 2020), Zambia (Phiri et al., 2021) and
Germany (Steiger et al., 2021) had reported mixed results regarding the
effect of population density on COVID-19 cases on county scale. They

https://www.vosviewer.com/


Fig. 1. The inclusion criteria and the number of reviewed papers.
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showed that this effect is positive in some specific times but not significant
in others. Hamidi et al. (2020a) was the only analysis on this scale that
found population density as a negative predictor of COVID-19 in the US.

As can be seen in Table 2, about 18 % of the papers considered
density as a factor to explain the spread of COVID-19 on the urban
scale. The majority of these papers found that cities with higher popu-
lation densities have a higher rate of COVID-19 cases. Such claims
were reported from different countries such as the US, China, Israel,
Brazil and other parts of the world. By contrast, three studies conducted
in China found that a lower rate of cases was reported in cities with
higher population density (Zhang et al., 2021; Qiu et al., 2020; Q. Li
et al., 2021). It should be noted that China had imposed stringent mobil-
ity restrictions in the early months of COVID-19 and the result of studies
in China couldn't be generalized. For example, some studies that
included all Chinese cities reported population density as an insignifi-
cant variable (Qiu et al., 2021; Lin et al., 2020). Similar results were
reported for cities in Iran (Khavarian-Garmsir et al., 2021), US
(Almagro and Orane-Hutchinson, 2020; Spotswood et al., 2021;
Tieskens et al., 2021; Hamidi and Hamidi, 2021), Italy (Consolazio
et al., 2021; De Angelis et al., 2021) and Pakistan (Mehmood et al.,
2021).

The finest scale of analysis that included density as an influential factor
to explain the spread of COVID-19 is the urban district. From an urban
planning perspective, the most reliable definition of density could be
grasped on this scale as different types of density such as population, jobs,
buildings, and businesses are meaningful on this scale (B. Li et al., 2021).
Around 30 % of the reviewed papers are conducted on urban district or
neighborhood scales. While about 56 % of these papers found density as a
positive and significant predictor of COVID-19 cases, this is the lowest
among different scales (Verma et al., 2021; Hao et al., 2020; Nasiri et al.,
4

2021; Han and Jia, 2021; Xu et al., 2022). However, about 13 % of papers
found that areas with higher population density have a lower infection rate
in cities like New York (Tribby and Hartmann, 2021; Credit, 2020), Hong
Kong (Huang et al., 2020), London (Sun et al., 2021) and Fortaleza
(Cestari et al., 2021). Also, more than 25 % of papers on this scale found
that population density is not a significant factor in explaining the spread
of COVID-19 in urban areas (Consolazio et al., 2021; Hamidi and Hamidi,
2021; Khavarian-Garmsir et al., 2021; Spotswood et al., 2021; Almagro
and Orane-Hutchinson, 2020). In general, there is no sufficient evidence
to prove that neighborhoods with higher population density necessarily
have a higher infection rate.

As shown in Table 2, the highest share of papers that included density in
their analysis was on the county scale (43 papers). On the other hand, about
71% of papers on the urban district scale used density as a factor to explain
the dynamics of COVID-19 transmission. In general, about 5 % of papers
have found density as a significant factor, while in about 27 % of reviewed
papers this factor was insignificant. Also, around 7.5% of papers reported a
contrasting impact of density on the spread of COVID-19. The result of our
analysis showed that the impact of density on COVID-19 cases and deaths is
not straightforward. While it has been discussed in the literature that
density is a driving force for the higher rate of COVID-19 cases, about
42 % of papers didn't support this hypothesis. The differences between
the impact of density on COVID-19 cases on different scales show that
density is highly scaled dependent. Some papers have found density as a
positive and significant factor to explain the spread of COVID-19 but this
factor had a high level of multi-collinearity and they excluded it in their
final model (Rahman et al., 2021; Al Kindi et al., 2021). Therefore, it can
be said that density is an easy-to-calculate factor and that is why it has
been used in different papers. But as this factor is context and scale-
dependent, the results should be interpreted cautiously.

Image of Fig. 1


Fig. 2. The term co-occurrence map of the reviewed papers.
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Table 1
The number of density criteria included in papers on different scales.

Criteria Country State County City Urban district Total

Population density 5 23 42 24 36 130
Housing density 0 0 0 0 4 5
Activity density 0 0 1 0 5 6
Transport density 0 0 0 0 5 5

Table 2
The effect of density on the spread of COVID-19 on different scales.

Scale Positive Negative Insignificant Contrasting Total number

Country 2 0 2 1 5
State 13 0 9 1 23
County 27 1 11 4 43
City 14 3 5 2 24
Urban districts 22 5 10 2 39
Total number 78 9 37 10 134
Percentage 58.20 6.71 27.61 7.46 100

Table 3
The number of land use criteria included in papers on different scales.

Criteria Country State County City Urban district Total

Distance and accessibility 0 0 2 0 3 5
Share of land uses 0 0 5 1 7 13
POI 0 0 0 0 4 4
Density 0 0 0 1 8 9
Mixed 0 0 0 0 3 3

Table 4
The number of transportation and mobility criteria included in papers on different
scales.

Criteria Country State County City Urban district Total

Infrastructure 1 2 3 4 13 23
Internal mobility 0 2 4 6 5 16
External mobility 0 2 3 8 1 14
Transportation mode 0 0 1 4 7 12
Distance to pandemic centers 0 1 0 7 0 8

Table 5
The number of housing condition criteria included in papers on different scales.

Criteria Country State County City Urban district Total

Overcrowding 0 0 4 1 12 17
Price 0 0 2 0 3 5
Housing type and structure 0 0 1 0 2 3

Table 6
The number of demographic criteria included in papers on different scales.

Criteria Country State County City Urban district Total

Age 3 8 16 6 16 49
total pop 3 1 4 1 1 10
Urban pop 0 8 3 3 0 14
Household size 1 0 1 0 5 7

Table 7
The number of demographic criteria included in papers on different scales.

Criteria Country State County City Urban district Total

Socio-economic status 2 2 3 7 4 18
Income and poverty 1 3 10 3 19 36
Education 0 2 4 1 10 17
Occupation 0 2 4 2 7 15
Ethnicity and race 0 0 11 1 15 27
Unemployment 0 0 3 0 2 5

Table 8
The number of health criteria included in papers on different scales.

Criteria Country State County City Urban district Total

Health problems 1 3 5 1 3 13
Health infrastructures 1 4 5 3 3 16
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3.2. Land use

Urban land use is one of the most influential factors to manage the
dynamics of population and employment in cities. Allocation of land to
different functions impacts the mobility, congestion, and distribution of
population through space. COVID-19 transmission could be affected by
how different land uses are distributed in the city. A variety of land use
factors are used in the literature to explain how this dimension has affected
the spread of COVID-19 cases in urban areas. Thirty one out of the 166
reviewed papers had land-use factors in their analysis. These are focused
on the county (7), city (2), and urban district (22) scales (as shown in
Table 3). The result of our review showed that land-use variables include
1. share of different land uses such as roads, open and green spaces
(Hassan et al., 2021; Kwok et al., 2021), 2. density of different land uses
such as restaurants and clinics (Ma et al., 2021; Huang et al., 2020,
2021), 3. accessibility to different land uses such as commercial and educa-
tional (Verma et al., 2021; Sun et al., 2021), 4. the mixture of land uses
(Li et al., 2020; Wali and Frank, 2021) and 5. Point of Interest (POI) for
different land uses (Xu et al., 2022; B. Li et al., 2021).

Share of different land uses (specifically green and open spaces and
roads) in a zone or a city is one of the most common variables employed
in reviewed papers.On county scale, urban greenery and green infrastruc-
ture were negatively associated with the number of cases in the US, UK and
Poland (Ciupa and Suligowski, 2021). There is an argument that there
might be some clinical and health-related factors beyond just greenness
but exposure to green spaces potentially increase the immunity to any
disease by encouraging physical activity (Russette et al., 2021; Lee et al.,
2021). While green spaces might increase the mobility of the population
and accordingly higher number of cases, Johnson et al. (2021) discussed
that using parks and other green spaces might be a good option against
for example shopping. In the case of the US, this impact is more significant
in counties with higher population density and is differentiated by season
(Klompmaker et al., 2021). On city scale, Lata et al. (2021) reported an
opposite result about the effect of green spaces on the number of cases in
321 Indian cities. The effect of natural areas on the number of cases was
positive and significant. However, this result is just based on a simple
correlation analysis and it needs more supplementary pieces of evidence
to reach this conclusion.

On the urban district scale, the results were contrasting. In the case of
Shenzhen, green space coverage was not a significant factor to explain the
variation in COVID-19 cases (C. Liu et al., 2021). Nguyen et al. (2020)
and Spotswood et al. (2021) found green spaces as a negative predictor of
COVID-19 cases. The same result was reported for the case of King County
inWashington (C. Liu et al., 2021). However, You et al. (2020) showed that
public green space density is associated with a higher number of cases in
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the early days of the COVID-19 pandemic inWuhan. Similarly, Huang et al.
(2020) reported a positive association between green space and COVID-19
cases in Hong Kong. The main reason for this result was that green spaces
encouraged outdoor activity and accordingly higher contact density.

Accessibility to land uses is another factor that affects the number of
cases in urban areas. This factor is just studied on the urban district scale.
Accessibility could also be explained by factors such as proximity and
distance to facilities. Han et al. (2021) found that Distance to business,
parks, shops, and education were positively and significantly associated
with the number of cases in Beijing. Distance to the Xinfadi market was
the most dominant as this market was known as one of the epicenters of
the outbreak. The positive effect of distance to hospitals, public transporta-
tion stations, pharmacies, and large supermarkets on COVID-19 cases was
also reported for cases in London and Tehran (Razavi-Termeh et al.,
2021; Sun et al., 2021). You et al. (2020) discussed that as large retail stores
are hot spots of COVID19 cases, the distribution of small retail stores
through residential areas could mitigate this effect.

The impact of landuse on the spread of COVID-19 is alsomeasured byden-
sity and POIs. Higher density of specific land uses such as supermarkets, com-
mercial land uses, clinics, hospitals, administrative, schools, shopping centers,
and restaurants are found as the positive and significant predictors of COVID-
19 cases in Tehran, Hong Kong, New York, Chicago, Wuhan and Huangzhou
(Ma et al., 2021; Nasiri et al., 2021; Li et al., 2020; Lak et al., 2021; Huang
et al., 2021, 2020; Yip et al., 2021). The high density of these land uses will
contribute to higher POI and accordingly a higher rate of COVID-19 cases
(Xu et al., 2022; B. Li et al., 2021). Verma et al. (2021) analyzed the effect
of land uses based on trips' destinations. They found that schools and restau-
rants were the most visited places. Additionally, Niu et al. (2021) found that
the effect of land uses on the number of infected people is differentiated by
age. For example, shopping centers were a significant factor for zones with a
higher number of aged people than zones dominated by younger populations.
In general, it can be said that land uses that attract more customers could
potentially contribute to a higher rate of COVID-19. The recommendation
from the literature is that land uses should be distributed in cities in a more
balanced manner and should not be concentrated in specific areas.

Mixed land use is a sustainable planning instrument on the local scale
that is analyzed in three reviewed papers. S. Li et al. (2021) and Sun et al.
(2021) reported a negative and significant association between mixed
land use and the COVID-19 rate in Chinese cities and London, respectively.
They discussed that mixed land use reduces the need for long travel and
leads to a lower rate of mobility. That is the main reason that these neigh-
borhoods and cities have a lower rate of COVID-19 cases. Similarly,
Wali and Frank (2021) found mix land use was a negative predictor of
COVID-19 cases in 397 districts of King county. They also discussed that
mixed land use neighborhoods are more walkable and bikeable which
reduces the spread of the COVID-19 virus.

3.3. Transportation and mobility

Basically, COVID-19 is transmitted through the mobility of the popula-
tion globally and locally (S. Li et al., 2021). In the literature, population
mobility is calculated by different criteria such as internal and external
movement of the population, mode of transportation, the share of transpor-
tation infrastructures, and distance from major pandemic centers. Based
on our review, 62 papers have included at least one of the factors of
transportation and populationmobility on the country (1), state (5), county
(11), city (22), and urban district (23) scales (see Table 4). It shows that
transportation and mobility variables have more common on lower scales,
irrespective of the factors that are included.

COVID-19 initially appeared in China and was transmitted to other coun-
tries through international population mobility. Therefore, one of the main
factors used to analyze the mobility of the population is transportation infra-
structure and its physical characteristics. Sigler et al. (2021) analyzed the
effect of international airports on the spread of COVID-19 cases in 84 coun-
tries. The result of their analysis showed that more developed countries
that have more globalization features and are more connected to other
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countries had a higher rate of infection in thefirst period. Then, hierarchically
the virus transmits to lower developed countries. Transportation infrastruc-
tures mainly appeared in papers on a lower scale such as urban districts. On
the state scale, the number of high-speed railways in China increased the
number of cases (Z. Hu et al., 2021), while Bayode et al. (2022) reported
no significant relationship between COVID-19 cases and international air-
ports. On the county scale, in Zambia, the number of cases increased due to
closeness to airports (Phiri et al., 2021) but in the case of Germany and
South Korea, the physical characteristics of transportation infrastructures
were not significant factors (Scarpone et al., 2020; Jo et al., 2021). Transpor-
tation infrastructures' effect on COVID-19 transmission at the urban district
level showed a mixed result. Walkable and physically well-designed side-
walks are associated with a lower number of cases on the neighborhood
scale (Kwok et al., 2021; Credit, 2020; Tribby and Hartmann, 2021;
Nguyen et al., 2020). However, urban districts with a higher density of trans-
portation facilities such as bus and train stations increased the likelihood of
COVID-19 spreading in Tehran (Razavi-Termeh et al., 2021; Khavarian-
Garmsir et al., 2021), Hong Kong (Kan et al., 2021; Huang et al., 2020)
Wuhan (Xu et al., 2022; Niu et al., 2021) and Huangzhou (B. Li et al., 2021).

Internal and external mobility of population on state, county, and urban
scales is another common variable to analyze the spread of COVID-19. The
result of studies in Iran, France, and Mexico shows that population mobil-
ity, internally and externally, plays a significant role in a higher number
of cases on the state scale (Ahmadi et al., 2020; Ramírez-Aldana et al.,
2021; Pilkington et al., 2021). As was expected, the higher rate of mobility
is a significant predictor of COVID-19 cases on the County scale (Jamshidi
et al., 2020; Niu et al., 2020; Tokey, 2021). However, the distinction
between different purposes of mobility is necessary for applying restric-
tions.While populationmovement in the city for shopping and recreational
activities might increase the number of cases (Steiger et al., 2021), visiting
green spaces was a negative predictor of COVID-19 cases in 299 UK local
authorities (Johnson et al., 2021). Studies on urban scale have made a
clear distinction between inter and intra-city mobility of the population
and they mainly discussed that the internal movement of the population
is not a significant factor but the mobility of the population between cities
is a positive predictor (Feng et al., 2020; Ma et al., 2021; J. Liu et al., 2021;
Zhu et al., 2020). Studies in Washington (M. Hu et al., 2021), Barcelona
(López-Gay et al., 2022) and Beijing (Hao et al., 2020) also emphasized
the negative impact of work and recreation commuting on the spread of
COVID-19 cases.

The mode of transportation is another factor that affects the spread of
COVID-19 cases in urban areas. This factor was used just on city and
urban district scales. As places with higher contact density are the hot
spot of COVID-19 cases, those who use public transportation such as
buses and trains would be more likely to be infected. In the literature, the
share of trips by trains and buses was positively associatedwith the number
of cases (De Angelis et al., 2021; Villalobos Dintrans et al., 2021; Thomas
et al., 2022). In contrast, the share of private car riders was negatively asso-
ciated with the number of cases (Lata et al., 2021). A mixed result is
reported on the urban district scale regarding the mode of transportation.
While some studies have shown that a higher rate of public transport use
is associated with a higher number of cases (Cordes and Castro, 2020;
Guo et al., 2021; T.-C. Yang et al., 2021), Bryan et al. (2021) found using
public transport is an insignificant predictor of COVID-19 cases. Further-
more, commuting to work by bicycle and walking are also correlated with
a lower number of cases in those neighborhoods (Tribby and Hartmann,
2021; Guo et al., 2021; Wali and Frank, 2021). Worthy to mention that
studies conducted in China showed that distance and connectivity to the
pandemic epicenters, specifically Wuhan, are strong, significant and
positive predictors of COVID-19 cases (Z. Hu et al., 2021; Qiu et al., 2020,
2021; Lin et al., 2020; X.-D. Yang et al., 2021).

3.4. Housing conditions

COVID-19 spread is highly influenced by the exposure of the population
to infected people. For twomain reasons, housing conditions may affect the
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transmission of the virus. First, isolating infected people is a way of control-
ling the spread of the virus and households need more spaces to quarantine
their infected family members Consolazio et al. (2021). Secondly, govern-
ments imposed restrictions to control the spread of the virus and families
were forced to stay at their places for some days or weeks. So, having
enough space to work, rest and spend time with family members became
a necessity. People who were living in small places complained regularly
about the lack of enough space and they were forced to go out and it was
increasing the possibility of being infected (Whitaker, 2021).

Various studies have considered housing conditions as driving forces that
influenced the transmission of the COVID-19 virus. The criteria of this factor
were differentiated based on the availability of data but the most common
ones were overcrowding index (number of people per house area or per
room), price (renting and land and housing price), and housing types and
structure (apartments, detached houses, etc.). Out of 166 reviewed papers,
24 considered housing condition factors as an influential driving force that
we categorized them, as shown in Table 5, in three main criteria; overcrowd-
ing, housing price and housing types and structures.

Housing overcrowding was the most common criterion that emerged in
17 papersmainly on city and urban district scales. The effect of overcrowding
on the number of cases was completely consistent throughout the literature.
All of them found overcrowding as a positive and significant predictor of
COVID-19 cases (Lee et al., 2021; Wang et al., 2021; Gaglioti et al., 2021;
Credit, 2020; Ghosh et al., 2021). Even some studies found that overcrowding
has significant effects on the death rate in the county (Lee et al., 2021;
Nguyen et al., 2021; Ahmad et al., 2020) and urban district scales (Urban
and Nakada, 2021; Silva and Ribeiro-Alves, 2021; Z. Hu et al., 2021). The
main reason for this result is that in overcrowded households people have
limited space to follow the protocols and avoid having contact with other
family members (Consolazio et al., 2021; Kashem et al., 2021).

Other housing condition criteria such as housing types, size, ameni-
ties, and rent price also are reported as significant driving forces of
COVID-19 spread. In general, housing quality is highly associated with
the number of deaths, even by controlling other social factors such as
race and ethnicity (M. Hu et al., 2021). The same was reported in the
case of Rio De Janeiro for different periods of time (Silva and Ribeiro-
Alves, 2021). Housing problems such as lack of basic infrastructures
during lockdowns increased the number of infected people in counties
with lower income groups (Nguyen et al., 2020). Ahmad et al. (2020)
also found that a 5 % increase in the share of households with housing
problems is associated with 50 % of higher COVID-19 infection and
42 % of mortality risk in US counties. The more important problem is
that those vulnerable communities (such as minorities) are more likely
to be infected due to various socio-economic factors and housing prob-
lem is at its highest level in these social groups (Credit, 2020). Another
housing condition factor that affects the spread of COVID-19 cases is
housing rent or price (Bryan et al., 2021). Cordes and Castro (2020) re-
vealed households that pay more than 50 % of their income for renting a
house have more positive cases in New York City. The last housing con-
dition factor was the size of the place (C. Liu et al., 2021). Nasiri et al.
(2021) found that the number of cases in households who live in apart-
ments less than 100 square meters has a higher number of cases.

While introducing restriction measures will practically reduce the
transmission of the virus in urban areas, housing conditions become more
problematic in these periods. Characteristics of housing could be a critical
factor to explain the disparity in COVID-19 morbidity and mortality rate
in urban areas (Ghosh et al., 2021). Policymakers need to consider the
impacts of overcrowding, unhealthy housing conditions, and housing
costs when implementing restriction measures.

3.5. Demographic factors

Demographic criteria such as total population, the age structure of
communities or vulnerable populations, urban or rural populations, and
household size are among the most common ones studied in relation to
COVID-19 spread on different scales. Based on our review 65 papers on
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the country, state, county, city, and urban district scales have considered
these criteria in their analysis (see Table 6).

As the health condition of residents is attributed to their age, older
people aremore vulnerable to being affected by this virus. So, the age struc-
ture of the community is a criterion that is applied in 49 papers to under-
stand the dynamics of COVID-19 spread. There is a confusing point in the
literature regarding the effect of the age population.While older age groups
are more vulnerable to this virus, young people are more likely to be
infected as the exposure of these age groups to the virus is highly more
than other age groups. In most of the reviewed papers, in the areas where
the share of the population aged 60, 65, or 70 is higher, the number of
cases is higher. This issue is not sensitive to the scale, as the results of stud-
ies on the country (Sigler et al., 2021; Bijari et al., 2021), state (Basellini
and Camarda, 2021; Tchicaya et al., 2021; Ramírez-Aldana et al., 2020),
county (Kodera et al., 2020; Hamidi et al., 2020b; Wu and Zhang, 2021),
city (Tieskens et al., 2021; Pequeno et al., 2020) and urban district (Chan
et al., 2021; López-Gay et al., 2022; Urban and Nakada, 2021) scales
show the same outcomes. However, Ilardi et al. (2020); Boterman (2020)
and Mondal et al. (2022) found age as an insignificant predictor of
COVID-19 and Johnson et al. (2021) showed that the population over 70
is a negative factor and reduces the number of cases in 299 local authorities
in the UK. It is worth mentioning that the number of people who live in the
householdwas not a very common criterion (applied in just 9 papers) in the
reviewed papers but all of them found the size of the household as a driver
of COVID-19 spread (Sigler et al., 2021; Wheaton and Kinsella Thompson,
2020; Almagro and Orane-Hutchinson, 2020; Kashem et al., 2021; Urban
and Nakada, 2021).

The majority of infected people are living in urban areas with a high
share of the population. Therefore, twomain criteriawere applied to reflect
these issues: total population and urban population. The total population
criterion was mainly used in papers on higher scales to compare countries
(Sigler et al., 2021), states, and counties (Wheaton and Kinsella
Thompson, 2020). The result of their analysis showed that the population
size of an area is a significant and positive predictor of COVID-19 (Bijari
et al., 2021; Wu and Zhang, 2021; Jamshidi et al., 2020; Niu et al., 2020).
Urbanity or rurality or the share of the urban population was also a critical
factor to explain the dynamics of COVID-19 spread. 14 out of 164 papers in-
cluded this criterion in their analysis on state, county, and city scales. The
result of our review showed that the urban population in France
(Pilkington et al., 2021; Tchicaya et al., 2021), Iran (Ramírez-Aldana
et al., 2020), Bangladesh (Alam, 2021), and the US (Qeadan et al., 2021)
increased the number of cases. However, reports from Italy (Perone,
2021), the Netherlands (Boterman, 2020), and China (Chu et al., 2021)
found an insignificant effect of urbanization on COVID-19 spread. Addition-
ally, in two Brazilian (Ribeiro et al., 2020) and Chinese (X.-D. Yang et al.,
2021) studies city size was a positive predictor of cases.

3.6. Socio-economic factors

Socio-economic characteristics of communities, directly and indirectly,
affect the spread of COVID-19 cases. Epidemiological studies have also
confirmed that the socio-economic status of the population affects the
likelihood of being infected with the COVID-19 virus. Out of 166 reviewed
papers, 77 unique studies included socio-economic criteria (Table 7). Based
on the literature different aspects of the socio-economic characteristics of
communities are analyzed including socio-economic status (GDP and
HDI), income and poverty, education level and literacy, ethnicity, race
and religion, and unemployment rate. Most of these studies are conducted
on the county (26) and urban district scales (30) which mainly is due to the
availability of data on these scales. Among the socioeconomic criteria,
income and poverty and ethnicity and race were the most repeated ones
by 35 and 27 papers, respectively.

GDP represents the value added by a country, state, county or even a
city. It has been argued that this factor indirectly influences the spread of
COVID-19. The majority of the papers found that countries, regions,
counties, and cities with a higher GDP, have a higher rates of infection.
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On the country scale, two papers have investigated GDP and HDI and
their influence on COVID-19 spread. Hashim et al. (2020) analysis of 93
countries found that the socio-economic development of countries is not a
significant factor in COVID-19 case fatality. Sigler et al. (2021) discussed
that HDI is a significant predictor at the beginning but after countries
impose restrictions, globalization factors became a significant factor. On
the state scale, Gargiulo et al. (2020) and Ramírez-Aldana et al. (2021)
both found that GDP is positively and significantly associated with the
number of cases in Italy and Mexico, respectively. On the county scale,
Xiong et al. (2020) revealed that GDPwas positively and significantly asso-
ciated with the number of COVID-19 cases in China. But, the same analysis
in the US counties showed that GDP had different levels of significance dur-
ing different times of the pandemic. GDP was not a significant factor in
counties clustered by high population density (Q. Li et al., 2021). The asso-
ciation between GDP and COVID-19 case rate on the city scale is contrast-
ing. The result of research conducted on Chinese (X.-D. Yang et al., 2021;
Qiu et al., 2020, 2021; Zhang et al., 2021) and Turkish (Baser, 2021) cities
all have shown that GDP increases the number of cases. While in the case of
Brazil this relationship is insignificant (Nakada and Urban, 2021), Ahmed
et al. (2021) reported a negative association between GDP per capita and
the rate of COVID-19 cases in 70 cities throughout the world. As GDP is
mainly defined on urban, regional or national scales, just one study
included this factor on the urban district scale in Shenzhen. GDP was a
significant and positive predictor of COVID-19 cases among 10 districts of
Shenzhen (Liu et al., 2020).

Income-related criterion represents another aspect of socio-economic
characteristics of communities that affect COVID-19 morbidity and mortal-
ity rate. 36 papers have included income as a factor to explain the dynamics
of COVID-19 cases. As the data for this variable is available for most cities,
income is the most common socio-economic factor repeated in reviewed
papers (Bayode et al., 2022). The result of our review showed that income
is employed on all state, county, city, and urban district scales.On the state
scale, poverty and income were not significant factors to explain the varia-
tion in COVID-19 rate of infection and death in studies conducted in the US,
France, Nigeria, and Bangladesh (White and Hébert-Dufresne, 2020;
Bayode et al., 2022; Tchicaya et al., 2021; Rahman et al., 2021). On the
county scale, income just appeared in the papers conducted in the US
and the results seem to be contrasting. Regarding COVID-19 incidence,
income was a strong and significant predictor (Qeadan et al., 2021;
Wheaton and Kinsella Thompson, 2020; Wang et al., 2021; Mollalo et al.,
2020). Wheaton and Kinsella Thompson (2020) discuss that as socializing
and other face-to-face activities of residents are elastic to income, there
are higher cases in wealthier households. This conclusion was confirmed
by Wang et al. (2021) and Mollalo et al. (2020) but they also included
income inequality as a predictor and in both cases, this factor was positively
and significantly associated with the number of cases. When it comes to the
death rate, Ali et al. (2021) didn't find a clear relationship and they just
referred to the results of Mollalo et al. (2020). This Referencing is mislead-
ing because Mollalo et al. (2020) didn't find a significant relationship
between income and death rate. Iyanda et al. (2021) found a negative
association between the number of cases/deaths and income. Interestingly,
Sen-Crowe et al. (2021) found a weak, positive and significant correlation
between the share of cases of death and income. Povertywas another factor
included in three papers conducted in the US. Nguyen et al. (2021) showed
that the share of children in poverty is a positive and significant predictor of
COVID-19 cases. They discussed that these families have low incomes and
they are mainly essential workers. Similarly, Fielding-Miller et al. (2020)
showed that poverty is positively associated with the death rate in US
counties. However, poverty in New York State was not a significant predic-
tor of COVID-19 cases (Mondal et al., 2022).

Occupation of residents became a very critical issue during the COVID-
19 pandemic and 15 studies in our reviewed papers considered this factor
in their analysis.On the state scale, in two studies in Bangladesh, the num-
ber of health workers was a positive, and the number of industrial workers
was a negative predictor of COVID-19 incidence rate (Sarkar et al., 2021;
Rahman et al., 2021). On the county scale, in India, marginal workers
9

were associated with a higher number of cases (Tamrakar et al., 2021). In
the US, farm workers were contributing to a higher rate of death
(Fielding-Miller et al., 2020), while workers in professional, scientific,
and technical services had a lower rate of infection (Wang et al., 2021).
The unemployment rate on this scale was not the same in all papers.
Regarding the death rate, unemployment was a positive predictor Qeadan
et al. (2021). When it comes to case rate, Scarpone et al. (2020) and
Wang et al. (2021) reported negative andWu and Zhang (2021) found pos-
itive associations between unemployment rate and COVID-19 cases rate.

3.7. Health-related factors

COVID-19 was an infectious virus with a high level of transmission.
However, one of the critical factors to deal with the virus was the immune
system of the body and how it is supported. So, two main health-related
factors in the literature were commonly used (26 out of 164 papers): the
health condition of residents and the distribution of health infrastructures
and services (as shown in Table 8). The health condition of residents is
measured by the share or number of people who suffer from diseases
such as chronic disease, diabetes, obesity, depression, and other mental
and physical diseases. Most of these studies have analyzed the effect of
health conditions on mortality rather than morbidity. The study conducted
by Hashim et al. (2020) found that, in different countries, higher rates of
lung cancer and Alzheimer is associated with higher rates of death. The
same results were reported for France (Moosa and Khatatbeh, 2021) and
Mexico (Ramírez-Aldana et al., 2020) states and the US counties (Ali
et al., 2021; Nguyen et al., 2021). They found that states and counties
with a higher rate of diabetes and obesity have higher rates of COVID-19
infection and death. Chronic diseases also were significant factors in
urban districts in Milan (Consolazio et al., 2021), Chicago (Bryan et al.,
2021), and Hong Kong (Liao et al., 2021).

As explained, the distribution of healthcare services, facilities, and infra-
structures affect the spread of the COVID-19 virus. 16 out of 164 reviewed
papers included these factors in their analysis.Moosa and Khatatbeh (2021)
found that the healthcare system of countries plays a critical role in mortal-
ity rate even in the countries with a low rate of infection. In general states
and counties with better health services such as hospital beds, doctors,
ICU beds, and primary medical services have a lower rate of mortality
(Lee et al., 2021; Basellini and Camarda, 2021; Pilkington et al., 2021).
However, this effect is mixed for the number of cases. Health services
might be a positive (Gargiulo et al., 2020) or insignificant predictor of
COVID-19 cases on a higher scale, but on the city scale, it is a negative
predictor (Zhang et al., 2021; Qiu et al., 2020; Lata et al., 2021).

4. Summary and concluding remarks

Since the emergence of the COVID-19 pandemic, researchers havemade
efforts to better understand its patterns and dynamics and develop solutions
to control its spread. In parallel to pharmacological and medical efforts,
many studies have focused on non-pharmacological solutions. Through
the review of the literature, the current study attempted to find the key
built environment and human factors affecting the spread of COVID-19
and its severity on different scales. Based on our review, the seven main
factors influencing the spread of COVID-19 include density, land use, trans-
portation and mobility, housing conditions, demographic factors, socio-
economic factors, and health-related factors. Each of these factors has
several sub-criteria that explain how different factors affect COVID-19
transmission. The main finding of this analysis is that the effects of the
built environment and human factors on the transmission of COVID-19
are differentiated spatially and temporally. In other words, while factors
might be positively associated in one city or one scale, they could be insig-
nificant or negative in another city or scale. However, we found some
significant factors that their effects are consistent throughout the literature.
The details of these factors and their effects are presented in Table 9. It is
worthmentioning that contrasting evidence has been reported on the effect
of density, as the most commonly studied factor in the literature. The share



Table 9
Summary of the findings and planning/policy recommendations.

Factor Effects on COVID-19 spread Planning and policy
recommendations

Density Depending on the scale and
context, contrasting evidence
has been reported on the effects
of density on the spread of
COVID-19. However, the
congestion of people, facilities
and activities in specific areas
increase the transmission of the
virus.

Compact city is advocated as a
sustainable form of
development. Based on the fact
that it may increase the spread
of COVID-19, to maintain
interest in compact cities, the
densification should be
supplemented by other policies
such as increasing the
walkability and open and green
spaces and reducing the distance
between work and home.

Land use The mixing of different land uses
may not be a significant factor.
However, the high density of
specific land uses such as
restaurants and bars, hospitals
and clinics, shopping centers
and recreational facilities, and
transportation infrastructures
positively affect the spread of
COVID-19.

Mixing different land uses can
reduce the mobility of the
population that reduces the
transmission of viruses.
However, it is of great
importance to not concentrate
all land uses in specific places
such as central areas. The
distribution and decentralization
of land uses will help residents
access their needs at shorter
distances and times.
Accordingly, it could reduce the
spread of COVID-19 in cities and
regions.

Transportation
and mobility

Public transportation and
stations were among the most
significant and positive
contributors to COVID-19 spread
on different scales. Higher
connectivity to large cities (that
are the epicenters of the
pandemic) increases the chance
of transmission to smaller cities.

It is undeniable that using
private car is associated with
lower rate of COVID-19.
However, it should be
considered that post-COVID
mobility should feature a
balance between sustainability
and public health. Therefore, we
recommend finding solutions to
reduce overcrowding in public
transportation, instead of relying
on car-dependent mobility in
urban regions.

Housing
conditions

While different factors of
housing conditions such as
facilities and price may have
effect of the spread of COVID-19,
overcrowding is the most
consistent factor that is
associated with higher rates of
cases in all scales.

Housing condition is one of the
most critical factors that
planners and policymakers
should pay attention to. New
building development policies
and regulations should consider
provision of appropriate per
capita living spaces, albeit based
on the context. Also, remote
working has now become more
common and the need for more
flexible housing design layouts
should be considered in building
permissions and guidelines.

Demographic
factors

In general, cities or regions with
higher share of aged population
and household size are more
vulnerable to COVID-19 cases.
Additionally, more urbanized
regions have higher rate of
COVID-19 cases based on the
current review.

As demographic features of the
cities and regions affect
COVID-19 spread, we
recommend that restrictions and
other policies be implemented
based on demographic features.
For example, a map of
population vulnerability be
provided, and policies be
implemented in cities with
higher rates of vulnerable social
groups.

Socio-economic
factors

Contrasting evidence has been
reported for the effects of
socio-economic factors such as
poverty, income, and education
in different contexts. However,
social inequalities and the share
of vulnerable groups and
minorities are associated with

Governments need to have more
supportive policies for socially
vulnerable groups such as
minorities as they may not be
able to have a decent life if they
want to comply with the
mobility restrictions. Moreover,
remote working is a new
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of papers that have found density as a positive factor is at the highest on the
county scale (62 %). But in urban districts, 56 % of papers found density as
a positive predictor. It means as the scale changes, the results vary.

Our analysis highlights that the scale of analysis is highly important.
While, for example, on the county scale population density might be
positively associated with the number of cases, contrasting results were
observed on the urban scale. Additionally, each factor should be clearly
defined before making a conclusion. For example, accessibility to hospitals
andmedical servicesmight be a negative predictor of COVID-19 cases but it
increases face-to-face interactions in the approximate neighborhoods,
thereby increasing the possibility of transmission. Population density is
another example that should be defined based on a clearer logic. Urban
density and population density are not the same, and most of the reviewed
papers didn't make a distinction between them.

Current research provides insights for policy-making and research on
both public health and built environment planning. The results show that
some urban planning concepts such as housing quality play a critical role
in promoting public health. Therefore, it is of great importance to revisit
housing standards, specifically in large cities, to improve housing condi-
tions such as the area per person. Additionally, public transportation as a
critical principle of sustainable development accelerated the spread of
COVID-19 cases in many cities. It is necessary to improve the quality of
public transport in parallel to its efficiency. Moreover, accessibility to dif-
ferent land uses and services contributes to lowermobility of the population
and consequently lower transmission of viruses. Alongside that, minorities
and low-income social groups were more vulnerable to the health and eco-
nomic effects of the pandemic.More social and economic support is needed
for vulnerable populations in times of crisis. From a research perspective
also the result of our analysis showed that many established planning prin-
ciples and sustainable development policies are under question. For exam-
ple, there are some pieces of evidence that areas with lower population
density and higher rates of private car use have lower rates of COVID-19
cases. Therefore, sustainable development policies and other planning
approaches should be justified based on the new situations.

This research was intended to be comprehensive, including different
factors and scales. While this approach provides a better insight into the
whole non-pharmacological factors, we were not able to scrutinize the sub-
ject on different scales. We suggest that future studies focus on these factors
on specific scales and critically analyze each factor concisely. More impor-
tantly, the time span of this study was from the beginning of the pandemic
till October 2021. As it is discussed in different sections, many papers pub-
lished in the first year were methodologically and theoretically premature.
We suggest follow-up studies with revised andmore robust methodological
approaches to understand if the results still hold. This enables researchers
to provide a more evidence-based framework applicable to planning and
policy-making. Moreover, due to the limitations of our study, the results
are categorized based on the scale and factors included in the papers. We
propose a cross-sectional and temporal literature review to understand
how influential factors are differentiated through space and time. Addition-
ally, this review is constructed based on peer-reviewed published papers in
English. Future studies can include a broader range of sources and other
languages to provide more robust findings. Finally, factors included in
most of the reviewed papers are highly correlated. However, a few of
them methodologically considered these issues in their analysis. For exam-
ple, areas with high building and population density have smaller houses in
comparison to suburban areas. In this case, population density and over-
crowding are both predictors of COVID-19 spread, but they are highly cor-
related. Simultaneous inclusion of these factors in the study of the COVID-
19 transmission pattern needs more deliberate analysis that is rarely found
in the reviewed papers and could be done in future studies.
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Table 9 (continued)

Factor Effects on COVID-19 spread Planning and policy
recommendations

higher rates of COVID-19 cases.
In contrast, employees with
higher chance of working
remotely reduce the chance of
transmission.

working culture that reduces the
spread of the virus. We
recommend that businesses
provide the facilities for flexible
working to allow implementing
mobility restriction when
needed. As mentioned earlier,
the needs and requirements of
remote working should also be
considered in land use planning
and housing design.

Health-related
factors

The regions and cities with
better access to health facilities
may not have a lower rate of
infection but have a lower rate
of mortality. Also, health
condition of residents,
specifically aged population, is a
key predictor of infection and
mortality rates.

For national government policy
makers, we recommend
considering accessibility as a key
factor and not just emphasize
the per capita standard. For
planners and designers, we
recommend introducing and
implementing policies that
encourage physical activity in
the neighborhoods.
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