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A B S T R A C T   

Although pandemics are rare, planning and preparation for responding to them plays a crucial role in preventing their spread. The management and control of 
pandemics such as COVID-19 relies heavily on a country’s health capacity. Measuring vulnerability to pandemics in geographical areas could potentially delay a 
pandemic’s exponential growth and reduce the number of cases, which would alleviate the disease impact on communities and the health care sector. The aim of this 
study is to generate an area-level COVID-19 Pandemic Vulnerability Index (CPVI) and to assess its correlation with COVID-19 cases. Data were collected for Local 
Government Areas (LGAs) across Australia from different sources including Australia Bureau of Statistics, Australian Institute of Health and Welfare, and General 
Transit Feed Specification. Based on recent official reports about the COVID-19 outbreak, 18 factors were identified as influencing vulnerability to the disease within 
LGAs. Using factor analysis, four latent factors were identified and named as sociodemographic, medical conditions, transportation, and land use. Predicted factor 
scores were summed to generate a CPVI for each LGA. The CPVI was evaluated by correlating with confirmed cases of COVID-19 standardised by adult population in 
New South Wales and Victoria, the two Australian states with the highest numbers of confirmed cases. There was a statistically significant correlation between the 
CPVI and COVID-19 in New South Wales (r = 0.49) and Victoria (r = 0.48). LGAs scoring higher on the CPVI also had a higher absolute number of cases. The CPVI 
could be used by policymakers to identify at-risk areas and to develop preparedness and response plans to help mitigate the spread of COVID-19 and future 
pandemics.   

1. Introduction 

The coronavirus disease 2019 (COVID-19) is an infectious disease 
caused by severe acute respiratory syndrome whose spread, and reach 
has been declared a pandemic by the World Health Organization (WHO) 
(WHO 2020). As a result of COVID-19, many cities around the world 
have experienced a large-scale disaster, causing significant loss of lives 
and resulting in substantial social and economic impacts (Ahmar and del 
Val 2020; Nicola et al., 2020). At the time of writing, COVID-19 has 
spread from China to 29 countries across the world and reached 
Australia on January 25, 2020. The total number of new cases initially 
grew steeply in Australia and then stabilised to about 350 per day 
around 22 March, and started dropping at the beginning of April to 
about 25 per day by April 13 (DoH, 2020). As at the May 3, 2020, a total 
of 6711 cases had been reported in Australia, with the highest number 
being in New South Wales (NSW) with 2,926, followed by Victoria with 
1344 confirmed cases. 

Although pandemics such as the influenza pandemic, Severe acute 
respiratory syndrome (SARS), the Middle East respiratory syndrome 

(MERS), and COVID-19, do not occur very often, planning and prepa-
ration of appropriate responses play an essential role in preventing or 
minimising their spread. Preparedness plans and strategies enhance the 
capability of local governments to overcome the impacts of pandemics 
through different approaches (Garoon and Duggan 2008; Gilbert et al., 
2020). At this stage, nonpharmaceutical interventions (NPIs) are the 
most effective interventions to slow the transmission of pandemics. After 
the influenza pandemic, WHO (WHO 2006) recommended non-
pharmaceutical public health interventions to contain infection, delay 
spread, and reduce the impact of pandemic disease. NPIs are also known 
as a community mitigation strategy, and includes a combination of 
personal protective measures, community measures, and environmental 
factors. According to Hilfiker et al. (2018), the conceptual framework of 
NPIs is based on the early and targeted application of several non-
pharmaceutical measures that must be identified earlier than the spread 
of pandemic waves in the community. 

Some groups in the population are more vulnerable to pandemics 
than others. Mitigating disease severity for vulnerable communities and 
people based on their age, health conditions and neighbourhood 
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environment could be a primary goal for targeted interventions to lessen 
the risk of pandemics. Since human-to-human transmission has occurred 
among close interpersonal contacts, identifying measures that help to 
prevent or reduce transmission must be implemented, especially among 
aged populations who experience higher risk of infection (Balica et al., 
2012; Li et al., 2020). Accordingly, an index that pre-emptively mea-
sures the vulnerability of different communities and helps delay the 
exponential growth of the disease, reduces the pandemic peak, and 
decreases the number of incidents, may be a critical tool in preventing 
future pandemics. 

A variety of indexes have been developed to measure different levels 
of disaster vulnerably at various geographic and population scales (Tate 
2012). Although previous studies have measured the influence of ur-
banization (Acharya and Porwal 2020) and travel time to urban areas 
(Macharia et al., 2020), none to date appear to have yet considered the 
behavioural and built environment features of urban and transport 
factors. Hence, this study introduces and evaluates a novel COVID-19 
Pandemic Vulnerability Index (CPVI) to assess the multifactorial 
vulnerability of areas to pandemics across four domains: sociodemo-
graphic, premedical conditions, transportation, and land use. 

2. Factors associated with pandemic vulnerability 

Since the outbreak of COVID-19 in China, scientific research has 
identified different factors that have influenced the spread of this 
pandemic in different communities. Based on the pandemic features of 
the COVID-19 disease, all individuals are susceptible to infection (WHO 
2020). However, recent research reveals several factors that markedly 
increase the risk of infection. 

Based on cases confirmed by WHO, most are people aged 30–69 
years, while the infection rate in persons below 18 years is moderately 
low. The mortality rate also increases with age, with the highest mor-
tality among individuals over 80 years of age (21.9%) (WHO 2020). An 
investigation of inpatient adults with confirmed COVID-19 cases and 
those who had been discharged or had died by January 2020 in Wuhan, 
China indicated that the risk of death in hospital increases with age in 
adults (Zhou et al., 2020). Moreover, according to WHO (2020), the high 
mortality rate of decedents who reported “retiree” as their occupation 
confirms the high risk of mortality for seniors. 

According to published records, families have been recognized as 
one of the most important sources of human-to-human transmission of 
the COVID-19 virus, while the secondary attack rate by household 
contacts has been found to be around 8%.: this may indicate that in-
dividuals living in larger households are at greater risk than their 
counterparts in smaller households (Cho 2020). 

Community transmission increases the rate of spread of infected in-
dividuals. Transportation links and hubs and human mobility are 
another important source of pandemic transmission. Previous studies 
examining the influenza pandemic indicated that more dense areas in 
terms of public transport infrastructure could be an influential factor for 
the transmission of contagious diseases (Cooley et al., 2011; Zhang et al., 
2015). 

Patients with underlying conditions such as hypertension, diabetes, 
cardiovascular disease, chronic respiratory disease, and cancer are at 
high risk of severe outcomes for COVID-19 (Wang et al., 2020). Findings 
from a study conducted by Zhou et al. (2020) in Wuhan, China, revealed 
that of 191 patients hospitalized, 48% had a comorbidity, with hyper-
tension being the most common (30% of patients), followed by diabetes 
(19% of patients) and coronary heart disease (8% of patients). 

2.1. Vulnerability measures 

Vulnerability indices typically assess characteristics such as socio-
demographic and pre-existing medical conditions to identify vulnerable 
populations (Chau et al., 2014). Previous approaches, such as those 
discussed below, have defined different variables or domains derived 

from a deductive methodology (Yoon 2012), then combined them into a 
score which is a representative measure of the overall vulnerability of 
each geographic unit (Cutter et al., 2012). 

2.2. Infectious disease vulnerability index (IDVI) 

Moore et al. (2016) created an index for identifying potentially 
vulnerable countries and then ranked countries by their overall 
vulnerability score. They developed an infectious disease vulnerability 
index (IDVI) which comprised seven factors relating to demographics, 
health care, public health, disease dynamics, domestic and international 
politics, and economics. 

2.3. Social vulnerability index (SVI) 

The SVI (Flanagan et al., 2011) measures the resilience of commu-
nities when confronted by external stresses on human health, such as 
natural or human-caused disasters, or disease outbreaks. According to 
the SVI, the extent to which a community responds to, and recovers 
from, a disaster decreases human suffering and reduces post-disaster 
costs to society. Flanagan et al. (2011) developed the SVI from 15 
census variables at the census tract level, Unites States. Variables used in 
the index were categorised under four main domains including socio-
economic status (Cutter et al., 2003; Brodie et al., 2006), household 
composition and disability (Madrid et al., 2006; Martin et al., 2006), 
minority status and language (Elliott and Pais 2006; Peguero 2006; Bolin 
and Kurtz 2018), housing and transportation (Daley et al., 2005, Donner 
2007). 

2.4. Epidemic risk index (ERI) 

The ERI (Poljanšek et al., 2018) measures the different combined 
effects of each country’s epidemic transmission risk, infrastructure, 
vulnerability, and coping capacity. According to this index, vulnera-
bility describes how simply and how severely people can be affected by 
infectious hazards. Hence, the vulnerability dimensions illustrate health 
vulnerability due to the social, economic, ecological, movement, 
behaviour and hazard attributes of the country. 

Despite their methodological differences, the above-mentioned 
indices provide a composite score for the quantification of factors 
contributing to a population’s susceptibility, readiness to respond, and 
ability to recover from, hazards. In terms of pandemic diseases, the 
creation of an index to measure the vulnerability of different regions to 
the virus may assist policymakers to develop their coping capacity and 
enduring capabilities to effectively prevent, detect, and respond to dis-
ease threats at the earliest stage. The following section presents a 
method for the development of an area-level COVID-19 Pandemic 
Vulnerability Index (CPVI) which incorporates data on sociodemo-
graphic characteristics, medical conditions, transportation access, and 
land use. 

3. Methods 

This study introduces a COVID-19 Pandemic Vulnerability Index 
(CPVI) that adopts a deductive method and combines individual and 
environmental vulnerability. Its development involved the selection of 
relevant vulnerability domains and the assessment of geographical 
vulnerability in Australia’s Local Government Areas (LGAs). The CPVI 
proposed in this research, expands existing vulnerability indices by 
including land use and transportation measures. The rationale for the 
vulnerability domains used in the current investigation is described in 
the following sections. 

3.1. Study areas and datasets 

The CPVI was calculated for all 563 Local Government Areas (LGAs) 
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in Australia, covering the whole of the country without gaps or overlaps. 
LGAs have an average population of 45,000 people and cover an average 
area of 2500 square kilometres. 

3.2. Exposure variable (CPVI components) 

Table 1 shows the sub-domains and sources of data used to create the 
CPVI, and the sections that follow describe the rationale for inclusion of 
each sub-domain and the relevant variables. 

3.3. Socio-demographic 

Several demographic factors impact the extent of vulnerability of 
people to pandemic diseases. The WHO has identified older people as 
more likely to become severely affected by infectious diseases. Hence in 
the current study, elderly people were categorised into five categories: 
65 to 69, 70 to 74, 75 to 79, 80 to 84 and more than 85 years old. Data 
for age categories obtained from the Australian Bureau of Statistics (ABS 
2018a, b) captured the number and percentage of people in each LGA. 
Living in a household with other people, increased the risk of infection. 
Hence, average household size was used as one of the sociodemographic 
measures. In order to locally contextualise the index, we included the 
Index of Relative Socio-economic Disadvantage (IRSD), as another 
sociodemographic measure. IRSD is a general socio-economic index that 
summarises a range of information about the economic and social con-
ditions of people and households within an area. The Australian Medical 
Association (AMA) has recently reported a higher proportion of 
COVID-19 cases were associated with lower IRSD scores in Local Gov-
ernment Areas (Talevski et al., 2021). 

3.4. Medical conditions 

We obtained the number of deaths in each LGA resulting from five 
major diseases that are associated with greater vulnerability to a 
pandemic infectious disease, including any type of cancer, diabetes, 
major cardiovascular disease, respiratory disease, and influenza/pneu-
monia. Raw values obtained from Australian Institute of Health and 
Welfare (AIHW 2017), were then transformed into the percentage of 
deaths for each disease relative to total deaths in each LGA. 

3.5. Transportation 

Recent research emphasizes the crucial role of exposure on public 
transit in the outbreak of the pandemic (Sohrabi et al., 2020). Accord-
ingly, we extracted the share of public transit to work trips as well as 
geospatial data geolocating transit stop and/or station density in LGAs. 
Share of transit use was obtained from the ABS (ABS 2018a, b) and 
number of stops and stations were collected from Open Street Map 
(GFTS 2020). We hypothesized that areas with greater levels of access to 
public transit and higher transit stop densities are more likely to be 
vulnerable to the spread of pandemics due to higher levels of trans-
portation activities and movement of people (Morrow 1999; Moore 
et al., 2016). 

Land use. 
Since areas with a higher population density are more vulnerable to 

infectious disease (Moore et al., 2016), we calculated the population 
density of each LGA, and hypothesized that LGAs with higher densities 
would be more vulnerable to the spread of pandemics. We also calcu-
lated the proportion of land allocated to commercial education and 
medical uses in each LGA. This was on the assumption that areas with 
higher density have a higher proportion of these land uses. 

Table 1 shows the four domains included in the CPVI. The socio-
demographic category contains the distribution of age categories above 
65 years at five-year intervals, household size and index of socio- 
economic disadvantage (IRSD). Premedical conditions include five 
groups of serious underlying medical conditions, including cancer, 
diabetes, major cardiovascular, respiratory disease, and influenza/ 
pneumonia. The transportation domain contains the transit stop density 
and percentage of use of public transit for work trips. Finally, the land 
use category, population density and proportion of commercial, edu-
cation and medical land uses were considered for LGAs. The datasets 
were collected from different sources, as indicated in Table 1. 

Table 2 shows the descriptive statistics for LGAs for each of the 
factors comprising the CPVI. 

Table 1 
COVID-19 pandemic vulnerability index (CPVI) and data sources.  

Domains Factor Measure Source of database 

Socio- 
demographic 

Age Distribution of age 
categories above 65 
years 

Australian Bureau 
of Statistics (ABS) 
a,b,c, 
2016 

Household size Number of people in 
household  

IRSD SEIFA Australia - 
Index of Relative 
Socio-Economic 
Disadvantage (IRSD)  

Medical Diabetes Share of diabetes 
related deaths 

Australian Institute 
of Health and 
Welfare (AIHW), 
2013–2017 d 

Cardiovascular 
disease 

Share of 
cardiovascular 
disease-related 
deaths  

Chronic 
respiratory 

Share of chronic 
respiratory disease- 
related deaths  

Cancer Share of all cancer- 
related deaths  

Flu/Pneumonia Share of flu/ 
pneumonia-related 
deaths  

Transportation Local 
transportation 

Transit stop density 
(number of stops to 
LGA area) 

General Transit 
Feed Specification 
(GTFS), latest feed 
as of April 18, 2020 
e 

Travel 
Behaviour 

Share of public 
transit use for work 
trips 

Australian Bureau 
of Statistics (ABS)b, 
2014–2017 

Land use Population 
density 

Population per sq.km Australian Bureau 
of Statistics (ABS) f, 
2016 

Commercial 
areas 

Proportion of 
commercial areas in 
each LGA  

Education 
centres 

Proportion of 
educational areas in 
each LGA  

Medical services Proportion of 
medical areas in each 
LGA   

a Australian Bureau of Statistics (ABS 2018a, b), Population and people, Local 
Government Areas, 2011–2018. 

b Australian Bureau of Statistics (ABS 2018a, b), Family and Community, 
Local Government Areas, 2011, 2018. 

c Australian Bureau of Statistics (ABS 2018a, b), Economy and Industry, Local 
Government Areas, 2011, 2018. 

d Australian Institute of Health and Welfare (AIHW 2017), Local Government 
Areas 2013–2017. 

e General Transit Feed Specification (GTFS) data for New South Wales, Vic-
toria, South Australia, Western Australia, Northern Territory, Tasmania and 
Australian Capital Territory from www.transitfeeds.com, and GTFS and railway 
stops data for Queensland from www.data.qld.gov.au. Stops are aggregated 
based on the stop name to avoid duplications. 

f Australian Bureau of Statistics (ABS 2016), Census of Population and 
Housing. 
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3.6. Outcome variable (COVID-19 confirmed cases in New South Wales 
and Victoria) 

Confirmed counts of COVID-19 cases divided by the adult population 
aged 18 years old and older in each LGA in the states of New South Wales 
(NSW) and Victoria were used as the outcome variable in this study. 
COVID-19 case data were obtained from each state’s Department of 
Health (DHHS 2020; NSW 2020). As of May 3rd, 2020, the total number 
of confirmed cases in NSW was 2926, with an average of 22.6 per LGA, 
range 0–181. In Victoria at the corresponding timepoint, the total 
number of confirmed cases was 1344, with an average of 19.5 per LGA, 
range 0–89. Adult population data were obtained from the 2016 na-
tional census (ABS 2016). 

3.7. Data analysis 

To develop the CPVI, analyses were conducted in five steps. First, we 
used Confirmatory factor analysis (CFA) within a structural equation 
modelling (path analysis) framework. CFA is a common approach in 
generating composite indices (OECD 2008; Cappon and Laughlin 2013; 
Kusurkar et al., 2013). CFA allows for the investigation of associations 

between latent and observed variables prior to specifying 
theory-derived models (Mueller and Hancock 2001). Using Amos v.25, 
we defined four latent factors for each of the four vulnerability domains 
of sociodemographic, medical, transport and urban. Second, after 
examining the 18 variables comprising the four defined latent factors, 
we used Principal Component Analysis (PCA) with Varimax rotation to 
predict scores for each latent factor. Third, we investigated the corre-
lation and potential multicollinearity between the predicted latent fac-
tors using pairwise correlation analysis and Variance Inflation Factors 
(VIFs). Thereafter, in the next step, the predicted latent factors were 
combined to generate the COVID-19 Pandemic Vulnerability Index 
(CPVI). Since there was no clear justification for different weightings, 
we equally weighted each latent factor (Daras et al., 2019). In the final 
step, generated index, was assessed using COVID-19 cases data from 
Victoria and NSW as the most affected states in Australia. 

4. Results 

4.1. COVID-19 pandemic vulnerability index (CPVI) calculation 

CFA was used to examine whether the 18 explanatory variables are 
statistically significant under a given latent factor. Standardised 
regression weights from the CFA are presented in Table 3 (see Fig. 2 in 
the supplementary document for the path diagram). As shown in the 
table, all the variables were statistically significant. 

Table 4 presents summary statistics for the predicted factors (see 
Fig. 1 in the supplementary document for the distribution maps of 
predicted latent factors). The correlation between the two latent factors 
of Urban and Transport was 0.73, which although considered a strong 
association, was not sufficiently large to result in collinearity (Tabach-
nick et al., 2007). In addition, VIFs for all models were less than 3.0, 
suggesting that multicollinearity was not a cause for concern (Allison 
1999). (results of correlation and VIFs are provided in the supplemen-
tary document, see Tables 2 and 3). 

Summary statistics of the predicted latent factors for all LGAs are 
provided in the supplementary document (see Table 1). The four latent 
factors were summed to create the CPVI. The predicted index for 
Australia had a mean value of 0.18 (SD 3.61) and ranged from − 11.28 to 
13.58. Fig. 1 shows the distribution of CPVI across all LGAs in Australia. 
As expected, the more populated urban areas in the east and south-east, 
where three large metropolitan areas (Brisbane, Sydney, and Mel-
bourne) are located, are categorised among the higher percentiles. The 

Table 2 
Statistics describing the COVID-19 Pandemic vulnerability domains for all Local 
Government Areas (n = 563) in Australia.  

Measurements (Unit) Mean S.D. Minimum Maximum 

Sociodemographic 
Share of adults 65–69 years old 5.52 2.23 0.00 15.10 
Share of adults 70–74 years old 4.06 1.84 0.00 9.90 
Share of adults 75–79 years old 2.84 1.35 0.00 7.50 
Share of adults 80–84 years old 1.88 0.98 0.00 5.40 
Share of adults 85 years or older 

and over 
1.84 1.14 0.00 5.60 

Average of household size (No. of 
persons in a household) 

2.44 0.61 0.00 5.30 

IRSD1 using the score for each LGA 956.48 109.18 404.00 1123.00 
Medical 
Share of total deaths by cancer 

deaths 
16.50 7.27 0.00 34.09 

Share of total deaths by diabetes 
deaths 

19.49 8.03 0.00 37.78 

Share of total death by major 
cardio disease 

0.19 0.64 0.00 7.78 

Share of total deaths by respiratory 
disease 

1.56 1.32 0.00 7.45 

Share of total deaths by influenza/ 
pneumonia 

3.15 2.52 0.00 16.99 

Transportation 
Public transit stops density (No. of 

stops divided by LGA area) 
2.22 5.13 0.00 26.63 

Share of public transit trips to work 5.22 8.14 0.00 55.26 
Land use factors 
Population density (per sq. 

kilometre) 
48.95 145.52 0.00 958.50 

Proportion of commercial areas 0.98 3.31 0.00 41.36 
Proportion of education centre 

areas 
0.59 1.39 0.00 10.93 

Proportion of medical service areas 0.09 0.40 0.00 5.83 

1 A low IRSD score indicates relatively greater disadvantage in general. IRSD is a 
combined measure of 18 variables including percentage of dwellings with no 
internet connection, labourers, people with no post-school qualifications, people 
earning incomes between $13,000 and $20,799, households renting from gov-
ernment or community organizations, people unemployed, one parent families 
with dependent offspring, households paying less than $120 per week for rent, 
people with a long-term health condition or disability, occupied private dwell-
ings with no car, aboriginal and/or Torres Strait Islander peoples, occupied 
private dwellings requiring one or more extra bedrooms, people aged 15 years 
and over who are separated or divorced, employed people classified as ma-
chinery operators and drivers, people aged 15 years and over who did not go to 
school, employed people classified as low skill community and personal service 
workers, and people who do not speak English well. 

Table 3 
Standardised regression weight estimates for confirmatory factor analysis with 
four latent factors for all Local Government Areas (n = 563) in Australia.  

Variables Latent Factors Estimate 

Share of adults 65–69 years old Sociodemographic 0.85 
Share of adults 70–74 years old Sociodemographic 0.92 
Share of adults 75–79 years old Sociodemographic 0.98 
Share of adults 80–84 years old Sociodemographic 0.90 
Share of adults 85 years and over Sociodemographic 0.80 
Average of household size2 Sociodemographic 0.12 
IRSD scores Sociodemographic 0.37 
Share of total deaths by cancer deaths Medical 0.68 
Share of total death by major cardio disease Medical 1.05 
Share of total deaths by respiratory disease Medical 0.13 
Share of total deaths by influenza/pneumonia Medical 0.32 
Share of total deaths by diabetes deaths Medical 0.42 
Share of public transit trips to work Transport 0.77 
Public transit stops density Transport 1.02 
Population density (per sq. kilometre) Urban 0.12 
Proportion of commercial areas Urban 0.57 
Proportion of education centre areas Urban 0.92 
Proportion of medical service areas Urban 0.60 

Bold figures are significant at 0.05 level. 
1 Average household size was reversed to be in the same direction as other 
variables under sociodemographic latent factor. 
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same occurs in the south-west where Perth, another metropolitan area 
with a smaller population, is located. More specifically, areas with 
higher value of CPVI are more vulnerable areas for pandemic risk. 

4.2. CPVI assessment 

In order to evaluate and assess the CPVI, we correlated with a 
COVID-19 case ratio calculated for LGAs in NSW and Victoria, the most 
affected states in Australia (Table 4). Table 4 provides the descriptive 
statistics of confirmed cases in those states. 

Fig. 2 illustrates the cumulative numbers of COVID-19 confirmed 
cases by LGAs in NSW and Victoria. In each state, LGAs with higher 
numbers of cases are located around the metropolitan areas of Mel-
bourne and Sydney. 

In order to evaluate the performance of the CPVI, we examined the 
association between the ratio of COVID-19 confirmed cases and CPVI 
values in Victoria and NSW using a correlation analysis (Flanagan et al., 
2011; Chau et al., 2014). Analysis results, showed that there was a 
statistically significant correlation between the CPVI and COVID-19 in 

New South Wales (r = 0.49, p < 001) and Victoria (r = 0.48, p < .001). 

5. Discussion 

Based on previous research, this study developed a CPVI to measure 
the vulnerability of LAGs to COVID-19 pandemic in Australia. As Chau 
et al. (2014) state, vulnerability does not only take account of natural 
disasters but also health hazards and emergencies. The findings of this 
present study show that LGAs with CPVIs above average are mostly 
located around main metropolitan areas. The assessment of the CPVI 
with COVID-19 confirmed cases in Victoria and NSW, indicated a sta-
tistically significant relationship. These findings will provide useful in-
formation for stakeholders involved in emergency preparedness of the 
most vulnerable residential areas and/or populations (Gusmano et al., 
2006) in terms of planning and implementing future interventions. For 
example, to prevent transmission, additional preventive strategies may 
be needed for residents in high rise buildings where there are shared 
facilities and access and egress is by elevators. This is likely to be even 
more important in overcrowded apartment complexes such as those 
occupied by lower socioeconomic residents (Adlakha and Sallis 2020; 
Maroko et al., 2020). 

There are strengths and weaknesses related to the CPVI developed in 
this study. First, the CPVI is applicable to diverse urban areas based on a 
flexible calculation technique. If data are available for different 
geographical units, standardised values can be readily calculated and 
ranked accordingly. Furthermore, the use of routinely available official 
statistics in generating the index enables continual, constant updating. 
This CPVI measures the spatial location of older populations and those 
with pre-existing health conditions that puts them at greater risk of 
infection and combines this with environmental factors likely to in-
crease risk of exposure to infection: population density, land use, and 
transit access at the LGA level. Hence, this approach with the same set of 
variables may be applied to different geographic locations and smaller 
scales, which permits a comparison of the relative vulnerability of areas 

Table 4 
Descriptive statistics of COVID-19 confirmed cases as of May 3, 2020.a  

COVID-19 Confirmed Cases Ratiob Mean Std. Minimum Maximum 

New South Walesc 4.99 4.66 0.56 33.00 
Victoriad 2.59 1.78 0.27 9.84 
Overall 4.00 3.92 0.27 33.00  

a total number of 161 LGAs from which 94 from New South Wales and 67 from 
Victoria. 

b Number of cases divided by adult population in each LGA to calculate case 
ratio. Figures are scaled by 10,000. 

c New South Wales Government, Department of Health (https://www.health. 
nsw.gov.au). 

d Victoria State Government, Department of Health and Human Services 
(https://www.dhhs.vic.gov.au). 

Fig. 1. Distribution of the COVID-19 pandemic vulnerability index across all local government areas (n = 563) in Australia.  
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to specific health hazards. 
The study highlights areas where there is a need for greater efforts to 

introduce targeted interventions. Not only in terms of the demographics 
of at-risk population groups, but also due to the environment in which 
they live. For example, higher density areas with access to more desti-
nations and higher levels of amenities and public transit access are likely 
to increase risk because there are greater numbers of people spending 
more time circulating in these areas more often than people living in 
lower density neighbourhoods with no local amenities. Although there is 
no evidence that higher density development per se, is associated with 
the transition of COVID-19, as some of the most dense cities in the world 
have managed the risk COVID-19 using strict and rapid public health 
interventions (Adlakha and Sallis 2020; Jinjarak et al., 2020). 

There are several strengths and limitations to our study. However, 
we believe this is the first composite index of area vulnerability of 
COVID-19 developed for Australia. The proposed index drives under-
lying socioeconomic and medical as well as urban and transport factors 
at a spatial level that is extremely useful for local policy planning. This 
study was limited by the unavailability of data at a smaller spatial scale 
both for components of the CPVI and COVID-19 confirmed cases. While 
statistics for finer geographical units may not be available in the public 
domain, the government could make them available to researchers in 
order to enable the development of a more accurate CPVI. Alternatively, 
confronted with a future pandemic, governments could adopt the 
methodology here, and use more fine-grained area-level data to identify 
areas of risk to mobilise preventive interventions. Identifying vulnerable 
areas at finer levels, gives governments more flexibility in applying in-
terventions to hotspot areas at smaller scales. Besides, when aggregating 
data to larger areal units, modifiable areal unit problem (MAUP) may 
occur, which can lead to larger estimates of the correlation coefficient 
(Charlton et al., 2009, Keeler and Emch, 2017). Thus applying analysis 
to a smaller geographical scale may decrease the chance of MAUP 
occurring. Our use of confirmed COVID-19 case ratios to assess the 
predictive validity of the CPVI was a limitation, as case-ratio of infec-
tious disease reflects testing access and uptake and hence contain bias. 
Arguably, a less biased approach would have been to use deaths and 
hospitalisations as these are not dependent on testing and uptake: 
however, there was insufficient data for these vital statistics available 
for this study (Daras et al., 2021). Nevertheless, their use is recom-
mended for future research data permitting. In addition, conducting our 
analyses at an aggregated level might have increased the risk of an 
ecological fallacy, as the area-level associations observed in this study 
may not have been present (or may have been different) if examined at 
smaller scales. Hence, future studies should also consider using indi-
vidual level data if available. 

6. Conclusion 

The present study offers a flexible pandemic vulnerability index that 
is adaptable to local spatial contexts, and that could be applied else-
where to identify at risk populations requiring early and targeted 
intervention. Nevertheless, in terms of global application, it is 
acknowledged that the availability of data is always a barrier to the 
production of indices in cities in some countries. Furthermore, because 
of contextual differences in cities, alternative domain-specific variables 
may be needed. For example, in cities with overcrowded (and/or 
informal) housing the CPVI might be especially useful in highlighting 
the combinations of individual and environmental factors that increases 
risk of both exposure and infection. Moreover, some of the factors used 
in the CPVI might be different depending on the pathogen of a given 
pandemic, including its primary modes of transmission and clinical/ 
epidemiologic features. The relative scores of each LGA’s vulnerability 
to pandemic disease highlight the areas of highest need and risk, which 
may inform policymakers and service providers in their efforts to plan 
and prioritize emergency preparedness, early intervention, and relief 
measures. The use of the CPVI and similar indexes may also be a useful 
tool for mapping vulnerable areas and allocating adequate medical and 
associated equipment, resources, and staff well in advance. Indexes like 
the CPVI may also help governments and communities anticipate the 
potential threat to their communities and to prepare accordingly, 
including building local social capital that will enable the community to 
respond promptly to potential threats. 
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