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Disparities in Geographical Access to Hospitals in Portugal
Reprinted from: ISPRS Int. J. Geo-Inf. 2020, 9, 567, doi:10.3390/ijgi9100567 . . . . . . . . . . . . . 75

Gianquintieri Lorenzo, Brovelli Maria Antonia, Brambilla Piero Maria, Pagliosa Andrea,

Villa Guido Francesco and Caiani Enrico Gianluca

Development of a Novel Framework to Propose New Strategies for Automated External
Defibrillators Deployment Targeting Residential Out-Of-Hospital Cardiac Arrests: Application
to the City of Milan
Reprinted from: ISPRS Int. J. Geo-Inf. 2020, 9, 491, doi:10.3390/ijgi9080491 . . . . . . . . . . . . . 103

Zhenghong Peng, Ru Wang, Lingbo Liu and Hao Wu

Exploring Urban Spatial Features of COVID-19 Transmission in Wuhan Based on Social
Media Data
Reprinted from: ISPRS Int. J. Geo-Inf. 2020, 9, 402, doi:10.3390/ijgi9060402 . . . . . . . . . . . . . 121

Nivedita Nukavarapu and Surya Durbha

Interdependent Healthcare Critical Infrastructure Analysis in a Spatiotemporal Environment:
A Case Study
Reprinted from: ISPRS Int. J. Geo-Inf. 2020, 9, 387, doi:10.3390/ijgi9060387 . . . . . . . . . . . . . 135

Liang Zhou, Shaohua Wang and Zhibang Xu

A Multi-factor Spatial Optimization Approach for Emergency Medical Facilities in Beijing
Reprinted from: ISPRS Int. J. Geo-Inf. 2020, 9, 361, doi:10.3390/ijgi9060361 . . . . . . . . . . . . . 165

Abdulkader Murad and Bandar Fuad Khashoggi

Using GIS for Disease Mapping and Clustering in Jeddah, Saudi Arabia
Reprinted from: ISPRS Int. J. Geo-Inf. 2020, 9, 328, doi:10.3390/ijgi9050328 . . . . . . . . . . . . . 181

v



Bandar Fuad Khashoggi and Abdulkader Murad

Issues of Healthcare Planning and GIS: A Review
Reprinted from: ISPRS Int. J. Geo-Inf. 2020, 9, 352, doi:10.3390/ijgi9060352 . . . . . . . . . . . . . 203

vi



About the Editor

Fazlay S. Faruque is a Professor of Preventive Medicine at the University of Mississippi Medical

Center (UMMC), USA. He joined UMMC in 2000 as the founding Director of GIS and Remote Sensing

program. For the last thirty years, Dr. Faruque has been teaching and conducting research in the area

of environmental health, utilizing a variety of geospatial technologies. As a principal investigator,

he has managed extramural grants, including projects from NIH and NASA. His research projects

are mainly within the areas of environmental health and the application of spatial methods in

epidemiological and healthcare delivery-related studies. Since 2012, he has been serving as the

Chair of the ISPRS Working Group on Environment and Health. Through his academic training,

Dr. Faruque is a geological engineer.

vii





 International Journal of

Geo-Information

Article

Geospatial and Machine Learning Regression Techniques for
Analyzing Food Access Impact on Health Issues in Sustainable
Communities

Abrar Almalki 1,*, Balakrishna Gokaraju 1, Nikhil Mehta 2 and Daniel Adrian Doss 3

Citation: Almalki, A.; Gokaraju, B.;

Mehta, N.; Doss, D.A. Geospatial and

Machine Learning Regression

Techniques for Analyzing Food

Access Impact on Health Issues in

Sustainable Communities. ISPRS Int.

J. Geo-Inf. 2021, 10, 745. https://

doi.org/10.3390/ijgi10110745

Academic Editors: Wolfgang Kainz

and Fazlay S. Faruque

Received: 28 July 2021

Accepted: 27 October 2021

Published: 3 November 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 AI&VI Lab from NCAT and Visualizations and Computing Advanced Research Center (ViCAR) North
Carolina Agriculture and Technical State University, 1601 East Market Street, Greensboro, NC 27411, USA;
bgokaraju@ncat.edu

2 Department of Information Systems and Supply Chain Management, University of North Carolina at
Greensboro, Greensboro, NC 27402, USA; n_mehta@uncg.edu

3 Interim Chair of Johnston Division of Business and Associate Professor of Cybersecurity, University of
Tennessee, Pulaski, TN 37478, USA; ddoss@tulane.edu

* Correspondence: aaalmalki@aggies.ncat.edu

Abstract: Food access is a major key component in food security, as it is every individual’s right
to proper access to a nutritious and affordable food supply. Low access to healthy food sources
influences people’s diet and activity habits. Guilford County in North Carolina has a high ranking in
low food security and a high rate of health issues such as high blood pressure, high cholesterol, and
obesity. Therefore, the primary objective of this study was to investigate the geospatial correlation
between health issues and food access areas. The secondary objective was to quantitatively compare
food access areas and heath issues’ descriptive statistics. The tertiary objective was to compare
several machine learning techniques and find the best model that fit health issues against various
food access variables with the highest performance accuracy. In this study, we adopted a food-access
perspective to show that communities that have residents who have equitable access to healthy food
options are typically less vulnerable to health-related disasters. We propose a methodology to help
policymakers lower the number of health issues in Guilford County by analyzing such issues via
correlation with respect to food access. Specifically, we conducted a geographic information system
mapping methodology to examine how access to healthy food options influenced health and mortality
outcomes in one of the largest counties in the state of North Carolina. We created geospatial maps
representing food deserts—areas with scarce access to nutritious food; food swamps—areas with
more availability of unhealthy food options compared to healthy food options; and food oases—areas
with a relatively higher availability of healthy food options than unhealthy options. Our results
presented a positive correlation coefficient of R2 = 0.819 among obesity and the independent variables
of transportation access, and population. The correlation coefficient matrix analysis helped to identify
a strong negative correlation between obesity and median income. Overall, this study offers valuable
insights that can help health authorities develop preemptive preparedness for healthcare disasters.

Keywords: disaster preparedness; smart cities; sustainable cities; food desert; regression analysis

1. Introduction

City planning for sustainable communities requires equitable distribution of and
access to healthy food options for inhabitants. This study examined the statistical associ-
ation between food access on people’s health and its connection to income and mobility
access. The unbalanced distribution of food may have consequences concerning health
and other factors. In this study, we examined these issues in Guilford County, North
Carolina. Guilford County was ranked as the highest in food scarcity in North Carolina
by the Food Research and Action Center in 2020 [1]. Since then, the county has worked to
analyze the factors associated with food scarcity, studying the area’s income, education,
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and poverty rates. To advance Guilford County from a scarcity condition to sustainable
equal distribution condition, an estimate of the scarcity situation and an analysis of the geo-
graphic areas for improvements in food access were needed. A key objective of sustainable
communities is to effectively manage the health issues of their inhabitants. The process
included gauging food access distribution by spatial methods, analyzing potential factors,
and finding areas with remarkable numbers to start development. Recent studies have
examined the distribution of food outlets and peoples’ buying habits and their food options.
However, there are several studies that have presented the investigation of food outlets’
distribution geographically by integrating the health issues correlations to people’s habits
or food distribution. This study focused on the density of food outlets, the health issues
regarding the food outlets’ distribution, food access areas, and its correlation in terms of
income, vehicle access, and health issues. Ultimately, we also simulated an improvement
to provide suggestions and strategies for enabling Guilford County to become a smart,
sustainable community in terms of food access.

Planning future cities requires scientists’ and planners’ points of views in solving
current issues and prioritizing the service sectors according to the areas’ needs. As a result,
concepts, such as smart cities, intelligent cities, sustainable cities, and creative cities, were
invented. The definitions of these concepts vary from one author to another based on the
planning priorities. Several models have been applied to investigate health-related issues.
A socio-ecological model (SEM) is an approach that investigates health as influenced by
environment, social, policy, and physical factors [2]. SEM investigates levels of influence
at the interpersonal, institutional, community, and public policy levels [2]. This model
investigated factors at each layer to understand their relationships [3]. Nevertheless, this
model estimated prediction [4]. For instance, a study presented the application of the SEM
model to investigate obesity-related variables such as vesical activities [3]. The layers that
presented the strongest on predicting childhood obesity were neighborhood characteristics,
parent demographics, and parent participation in their community [3].

According to [5], more advanced management technology can be used to manage
a city’s resources and provide security [5]. In city planning, food access is primarily
analyzed by scientists and decision makers to show its influence on the health of people
living in these areas [6]. Food security and access were measured using several methods.
Several techniques and methods were applied to measure food distribution and security.
Measuring the geographical location of food outlets was performed based on applying
GIS methods and tools. GIS is a software manager that analyzes data based on their
geographical location [7]. GIS is applied to a wide range of problems such as natural
hazards and public health [8]. GIS methods were used in different food analyses such as
buffering, kernel density estimation, and spatial clustering [7]. More methods were applied
depending on surveys and statistical data. For instance, an example method was based
on the retail food environment index (RFEI) [9]. However, some methods have limitations
concerning the application and presentation of results. The RFEI method has the limitation
of not covering all tracts because of the need of calculating all food outlets categories such
as supermarkets [9]. A study performed in California showed that data maples covered
only 3719 out of 7049 based on the RFEI method [9].

Techniques, such as machine learning, are now used for research related to food
security, as they are highly data-driven models. Machine learning (ML) is a programming
technique that is used to solve nonlinear problems efficiently. It has models and algo-
rithms, where the algorithm executes on the data to create the model [10]. It has serval
different models to investigate relationships and compare results. The ML techniques
were used to solve major problems such as classification, regression, reinforcement, and
clustering [11]. The regression analysis was applied to detect continuous metric output [12].
Regression problems were investigated by several models, for instance, linear and non-
linear regression. These models also worked in hyper feature space for illustrating the
relationship and were applied to different scientific fields [13]. A further example is the
K-nearest neighbors regression model, which presents appealing results for small data [14].
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Random forest regression models, as part of tree multioutput regression, were used to
predict the variables [12]. More than one regression analysis can be used in comparison
to find the best-suited model for higher performance. A study investigated food security
using machine learning models (extreme gradient boosting, random forest, and CatBoost)
to predict monthly variations [15]. This study investigated data involving food choices,
income, geographical location, and climate [15]. It showed Xgboost was the best model
and better results were presented when fewer changes in time and place accrued [15]. A
further study in food security discussed the application of machine learning techniques to
predict the modified retail food environment index (mRFEI) and found that a food desert
differs from a food swamp thereby necessitating the application of different policies [16].

Furthermore, sustainable communities give priority to people’s health [5]. However,
currently, it is recommended to use smart and sustainable terms as one concept, which
converges the application of data-driven technologies of smart cities with the key goal of
creating sustainable communities to provide an equal right to the benefits and an equal
access to healthy food [17].

Studying the distribution of food outlets involves studying the distribution of gro-
ceries, restaurants, and residents’ density. Food access can be analyzed by studying the
two key elements known as a food desert and a food swamp. Food swamps are areas with
more unhealthy food options than healthy food options [18]. On the other hand, food
deserts represent areas with low access to healthy food, and the expected distance was
500 meters, 0.3 miles, or 5–7 minutes of walking [19]. The characteristics of food deserts
include availability of inexpensive food, poor nutrition, and limited healthy items in small
stores [18]. Food insecurity is not only the critical area to be investigated. The availability
of food sources is also very important. Food oases represent areas where people have an
abundance of healthy food options rather than unhealthy food options [20]. In another
study, the difference between food item prices was investigated with respect to food access
areas, food deserts, food swamps, and food oases, and it was determined that there were
no remarkable differences in the process [20].

Several studies investigated the influence between food distribution and other vari-
ables such as location, transportation, time, and behavior. A study of 36 counties of a
suburban area showed that these areas suffered because residents needed to travel up to
30 miles for healthy food access [21]. Another study analyzed food access in the suburban
areas and rural areas of Louisiana and determined that suburban areas near urbanization
had greater access to healthy food [22]. Time could be analyzed by two dimensions includ-
ing the time of events (such as weather events) and the time of source existence (such as
food trucks and farmers’ markets) [6]. For example, the accessibility of food by walking
was found to be different in summer than in winter, as the time of the year and day were
different. As a result, in the case of a health disaster, socially isolated communities with
food scarcity were most severely affected [23]. A study applied GIS and analyzed people’s
access to transportation where the results indicated the importance of transportation access
to improve people’s food choices [24]. Another study analyzed people’s behavior using
data from an application designed for people to donate food [25]. The results showed a
correlation between a higher number of donations points and more bus stops as a means
of access to transportation [25].

Analyzing food access is a complex process that includes observing the current distri-
bution of food outlets and analyzing the residents using different methods, factors, and
scenarios. These factors were transportation access to supermarkets, the ethnic group
of population distribution in food deserts, economic status, and chain and non-chain
stores [26]. A study by Eckert and Shetty (2011) used block methods in geographic informa-
tion systems (GIS), which applied network analysis to determine the distance between each
resident and the grocery store (considering the residents’ ethnic group and income) [27].
The result showed that there was no connection between income and ethnic group in rela-
tion to food access [27]. Regarding chain and non-chain stores, a report by the Economic
Research Service (ERS) explained that smaller stores sold smaller packages at a higher
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cost compared to supermarkets and non-chain stores [26]. Moreover, they were typically
situated in poorer areas [26]. Another study showed that more options for greater food
items were available with lower prices in supermarkets compared to small stores [28].

One study on food access and its consequences examined the relationship between
fast-food restaurants and obesity in the surrounding areas [29]. The study considered two
miles as the accessibility distance to analyze the health records but found no connection
between obesity and fast-food accessibility [29]. Another study in Philadelphia, which
was considered the second lowest in food access among major cities nationally, concluded
that many low-income and food access neighborhoods had a high number of health
challenges such as diabetes, heart diseases, and cancer [26]. An additional study also found
a connection between food deserts, low income, lack of transportation, and diabetes [30].

There have been several studies on the consequences of inadequate food distribution,
and they included the number of diseases spreading. Healthy food access was a key
factor in the obesity epidemic, and the high consumption of unhealthy food was a critical
factor in diabetes, hypertension, cancer, high mortality rates, and life loss [18]. There were
some studies on the health risks and mortality rates regarding food access, and some of
these suggested looking into the factors of these rates after mapping them. A study by
Cossman and others (2003) mapped the mortality rates in every county in the United
States for 30 years and determined the highest and lowest mortality rates [31]. The study
suggested looking into the continuous high mortality in a county and analyzing it to
determine the involved factors [31]. Another study looked into mapping health issues,
such as tuberculosis, and the correlation with human development such as food access,
income, education, and health [32]. The study concluded that there was a connection
between human development and tuberculosis [32], where neighborhoods with less than
the average income and education had higher tuberculosis rates [32]. A further study
illustrated the investigation of type 2 diabetes per county level by machine learning [33].
Its results illustrated no correlation between the health issue and the variables of physical
activities, access to exercise, and food environment [33].

Several limitations on food access were presented in recent studies. A large percentage
of studies focused on only one to two outlets or categories, and only a few investigated the
effect of all types of food outlets [34]. Another method’s limitation involved hypothesizing
that people’s health was only influenced by the stores located closed to their residential
location [34]. A further limitation involved using separate methods concerning food, where
nutrition studies were separated from food environment research (combining them with
the support of more methods and techniques would present a comprehensive overview of
food access and health consequences) [34].

The reviewed literature illustrated that several studies focused on a few parts or
variables of the overall problem regarding food access, health issues, and regional dis-
tribution. We studied all food access areas together with their influence on three health
issues as a holistic case and to help local authorities in decision making for future planning.
According to the literature review, food scarcity was studied in the form of a food desert
and food swamp but lacked their influence on health conditions and the comparison to
food abundance. The research questions in this study were:

Using GIS spatial mapping, can we find possible correlations between food access
distribution and health risk issues?

Do health issues depend solely on univariate food access distribution or multivariate
analysis of transportation access, income, population, and food access?

Can the linear or nonlinear ML regression models be developed for dependent variable
health risks with better determinant coefficient?

This study addressed the gap by finding the correlations of food desert factors, food
swamps, and food oases impacting on health issues and mortality using geospatial in-
formation analysis, surveys, and machine learning techniques. Our contributions in this
study included reporting the results of:

Investigating the geospatial correlation between food distribution and health issues;
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Comparing the number of health issues between food access areas;
Estimating the statistical correlation between health issues and several variables;
Comparing the results of the regression analysis models regarding health issues related

to several variables.

2. Materials and Methods

We examined Guilford County in North Carolina as our study area (Figure 1) includ-
ing tabular attribute data. Data were obtained from the Health Department in Greensboro
based on a crude survey, USDA Environmental Atlas, and the American Community
Survey. Health records were collected by the North Carolina Department of Public Health.
These data were geolocated by tracts. The data included income, food outlets, health
records, low transportation aces, and mortality rates. Health records included (i) high
cholesterol, where cholesterol was higher than 240 mg/dL and higher than 18% lipoprotein
density; (ii) high blood pressure, where the systolic was 140 mm and diastolic was 90 mm
or higher; (iii) obesity as defined by the World Health Organization, when an individ-
ual’s body mass was greater than 30 [35–37]. At the time of this study, Guilford County
aimed to become a smart, sustainable community. With a population of 533,670 within
645.70 square miles, it was the third most populated county in North Carolina and was also
among the top five most densely populated counties in the state of North Carolina [20]. It
was also the largest county in terms of acreage [38,39]. Guilford County had 118 census
tracts, and it covered the cities of Greensboro and Highpoint and eight towns consisting of
Gibsonville, Jamestown, Oak Ridge, Pleasant Garden, Sedalia, Stokesdale, Summerfield,
and Whitsett. The county was identified primarily as a food desert in 2014 [1]. The me-
dian household income in this county was $51,072 [39]. Methods (see Figure 2) included
applying GIS and regression analysis. The GIS method was selected to investigate the
geographical correlation, and the regression analysis was conducted to combine it with
statistical association. Regression analysis is a machine learning technique that can be
applied to forecast prediction or investigate relationships [40]. Regression models were
applied (as multioutput regression and multiple linear regression) to present relationship
and compare their results. The mathematical foundation lies in deriving the nonlinear
relationship of the dependent variable against the multivariate independent variables. We
based our nonlinear multivariate regression model with a polynomial of the order 3 and
3 independent variables giving up to 2n − 1 coefficients. We compared this model against
the other ML models and found that the random forest regression model performed better
next to the nonlinear multivariate regression model. The hyper dimensional feature space
transformation in the random forest technique yielded a better performance.

5



ISPRS Int. J. Geo-Inf. 2021, 10, 745

Figure 1. Study Area: Guilford County, North Carolina.

Figure 2. Methods.

2.1. GIS Method

First, we developed the geospatial maps of health (Figure 3) and mortality outcomes
for Guilford County. Figure 4 llustrates the geospatial map of heart disease-related mortality
rates in Guilford County by percent in each census tract. The descriptive statistics of these
health issues are presented in Table 1.

The mortality rate due to the fact of heart diseases ranged between 0.002% and 0.008%
per census tract. Figure 3 shows that there was a high density of obesity and high blood
pressure in central Greensboro, Downtown, and Highpoint (outlined in the bounding
box). It also coincided with the high density of high cholesterol issues. Notice that the
density markers of high cholesterol had higher percentages than hypertension markers.
These density maps were developed using the point density tool in ArcGIS software and
were overlayed against the obesity density map. Interestingly, the west part of Guilford
County showed low obesity numbers. However, high cholesterol and high blood pressure
numbers were shown in few census tracts. The distribution of high blood pressure and high
cholesterol showed a higher density around Greensboro and Highpoint, too. Figure 5 shows
the mean household income distribution of Guilford County with obesity distribution. A
low income was from USD 0 to 30,604, a middle income was between USD 30,604 and
91,812, and a high income was more than USD 91,819 per year [41]. The overall mortality
rate map shows a similar pattern in the downtown Greensboro and High Point cities.
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Figure 3. The distribution of health issues (i.e., high cholesterol, hypertension, and obesity) in Guilford County.

Figure 4. Heart disease mortality rates in Guilford County.
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Table 1. Descriptive statistics.

Statistics
Median
Income
(USD)

Population
High Blood

Pressure
High

Cholesterol
Obesity

Mean 51,440.06 3979.78 34.10% 35.70% 35.87%
SD 25,725.97 1498.57 7.59% 5.01% 7.13%

Minimum 14,695.00 1300.00 13.30% 17.00% 25.40%
25% Quartile 33,889.00 2862.00 28.80% 32.80% 29.90%
50% Quartile 47,500.00 3903.00 33.10% 36.20% 34.20%
75% Quartile 60,653.00 5063.00 38.00% 39.60% 53.20%

Maximum 170,625.00 7791.00 55.00% 44.20% 53.20%

Figure 5. Income and obesity in Guilford County.

Later, we calculated the total number of healthy and unhealthy food outlets per
census tract using the tabulate intersect method, which gave the result in a tabular format.
Afterward, the resultant table was joined to the study area using the “Mathematical Join”
option. The census tract shapefile was used to find the areas with higher unhealthy food
from the intersection of healthy and unhealthy outlet maps in Figures 6 and 7. We then
performed spatial analysis using the clip tool in the ArcGIS software to find the number of
health issues and the mortality rates in all three food access areas (see Table 2).

Table 2. The statistics (mean and standard deviation) of health issues, density, income, and mortality rates in each food
access area.

Income (USD)
Population;

Acreage
High Cholesterol

(Mean, SD)
Obesity (Mean, SD)

Hypertension
(Mean, SD)

Mortality (SD)

Food Deserts 41,369.35 105,695, 1418 acres 36.5%, 5.34% 42%, 6.52% 38.8%, 8.38% 0.01%
Food Swamps 51,783.43 189,166, 6485 acres 35%, 4.39% 34%, 6.63% 32%, 6.75% 0.0085%
Food Jungle 60,595.80 13,847, 27,584 acres 37%, 5.58% 35%, 7.84% 36.25%, 7.00% 0.0079%
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Figure 6. Geospatial map showing the density of healthy food options.

Figure 7. Geospatial map showing the density of unhealthy food options.

Next, we developed geospatial maps of the three food access areas. Based on healthy
food access, Guilford County was divided into three food geographies: food deserts, food
swamps, and food oases (Figure 8). Food deserts were measured based on the USDA
Economic Research Service definition as the census that had a poverty rate defined as more
than 20–30% of its people living more than 1 mile away from a full-service supermarket [42].
In addition, we included where the minority rate was higher, i.e., more than 30% of the
total population [43,44]. A food desert is presented in the equation below:

Food desert = low access to supermarkets (the tracts with more than 30% of its people
in more than one mile from supermarket) + low car access (households with no personal
transportation) + high poverty rate + low income (<USD 30,000 p.a.).

The food desert method started by buffering 1 mile around supermarkets and applying
the symmetric differences tool to find the tracts with 30% of the population living one mile
away from supermarkets. After that, we applied the intersect tool to the previous layer
with the layers of low income, low car access, and high poverty.

9
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Figure 8. Geospatial map of food access in Guilford County.

The method started by buffering 1 mile around supermarkets and applying the sym-
metric differences tool to find the 30% of the population that was more than one mile to
supermarkets. Afterward, we applied the intersect tool to the previous layer with the
layers of income and poverty. Then food deserts showed areas where residents had scarce
access to nutritious food. Geospatial mapping of food deserts in Guilford County was
developed by identifying areas with the following overlapping characteristics: (i) healthy
and unhealthy food density (Figures 6 and 7); (ii) high population density; (iii) high poverty
and low income (Figure 5); (iv) low access to transportation. A food desert is a census tract
that has less than a 20% poverty rate and at least 30% of its population lives more than one
mile from supermarkets.

Afterward, we identified food swamps and food oases. A food swamp had more
unhealthy food outlets than healthy outlets, but a food oasis had more healthy than
unhealthy food options. Food outlets were categorized as healthy based on fresh food
availability such as supermarkets and farmers’ markets. Unhealthy food outlets were
packed, and fast food was sold in various places such as restaurants and convenience stores.
To develop the food oases and swamp geo-maps, we categorized healthy and unhealthy
food outlets (Figures 6 and 7). The healthy outlets were where fresh vegetables, fruit, and
meat were available. This category contained supermarkets, grocery stores, meat markets,
farmers’ markets, community gardens, farm road stands, and food parties. Although the
second category represented relatively unhealthy food, it comprised convenience stores,
dollar stores, and restaurants. We computed the density maps for healthy and unhealthy
food outlet stores (Figures 6 and 7) using the region growing density tool. These density
maps present the volume of stores for each category. For healthy food outlets, the highest
number of stores ranged between 5 and 6 (dark spots in Figure 6), and the lowest was 0–2.
For unhealthy food outlets, the highest number of outlets ranged between 40 and 46 stores
(dark sports in Figure 7), and the lowest was 0–6.

We computed the descriptive statistics (i.e., mean values and standard deviation)
of each health issue in these food access areas for correlation analysis. We used the clip
tool additionally to merge the income layer by each food access area to compute the
mean household income for Table 2. After developing the overall map showing the three
food access areas’ geographies (Figure 8), we compared the health records in each area to
determine if there was an effect of healthy food access on health and mortality outcomes.
The spatial analysis method showed positive correlations among food outlets and health
issues, mortality rates, and income. The results are corroborated in Table 2.
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In Table 2, the percentage of the population in food access areas may not provide a clear
illustration of the number of people impacted by health issues. For instance, the quantity of
36.5% of the population in food deserts having high blood pressure was 38,578.674, which
was higher than 37% of the population in the food jungle (consisting of 5123.39).

2.2. Multioutput Regression and Multiple Linear Regression

We used machine learning techniques to examine the quantitative analytics of popula-
tion and median income on health issues by specifically applying multioutput regression
and multiple linear regressions. Multioutput regressions are regression problems that
involve predicting two or more numerical values given several independent variables.
The multioutput algorithm is more efficient than the single-output algorithm, because
the relations among outputs can be estimated simultaneously by the proposed prediction
model. Moreover, application of more than one regression was necessary to compare their
results. In this work, we predicted high blood pressure rates, high cholesterol rates, and
obesity rates based on the inputs (independent variables) of population, income, and low
car access.

The data set was divided into 80% training and 20% testing for multioutput model
development. The training set contained eighty-seven (87) observations and twenty-two
(22) observations in the testing set, and two different metrics: root mean square (RMS) and
R-Squared (Rˆ2) which were used to evaluate the models developed. The implementation
of multioutput and multiple linear regression models was conducted with the Sklearn
package in Python and MATLAB 2020a, respectively. The default parameters for the
multioutput regression models are shown in Table 3.

Table 3. Regression models’ parameters.

Model Parameters

Linear Regression Model copy_X=True, fit_intercept=True, n_jobs=None, normalize=False.

Decision Tress Regression Model

‘ccp_alpha’: 0.0, ‘criterion’: ‘mse’, ‘max_depth’: None,‘max_features’: None,
‘max_leaf_nodes’: None,‘min_impurity_decrease’: 0.0, ‘min_impurity_split’: None,

‘min_samples_leaf’: 1,‘min_samples_split’: 2, ‘min_weight_fraction_leaf’: 0.0, ‘presort’:
‘deprecated’, ‘random_state’: None, ‘splitter’: ‘best’

Random Forest Regression Model

bootstrap=True, ccp_alpha=0.0, critrion=‘mse’, max_depth=None, max_features=‘ato’,
max_leaf_nodes=None, max_saples=None, min_impurity_decrease=0.0,

min_imprity_split=None, min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=0.0, n_estimtors=100, n_jobs=None, oob_score=False,

random_state=None, verbose=0, warm_start=False)

K-Nearest Neighbor Regression Model lgorithm’: ’auto’, ’leaf_size’: 30,’metric’: ’minkowski’, ’metric_params’: None, ‘n_jobs’:
None, ’n_neighbors’: 5, ‘p’: 2, ‘weights’: ‘uniform’

The below equation, based on multivariate linear regression, was applied to predict
and investigate the relationship between variables, where 49.855 and 0.00029 were the
coefficient for the median income variable, 13.233 was the coefficient for car access, and
0.00025 was the coefficient for the interaction between median income and low car access.

y = 49.855 − 0.00029 * MedIncome + 13.236 * Low Car Access − 0.00025 * MedIn-
come * Low Car Access.

3. Results and Discussion

3.1. Geospaital Correlation

Figures 5 and 6 show geospatial maps of the density of healthy and unhealthy food
outlets in Guilford County. In Figure 6, the highest density cluster represents nine healthy
and fresh food stores. They were located in the southwest of the county central and the
south of the county. In Figure 7, the unhealthy density shows that 42 was the highest num-
ber of unhealthy food outlets in a square mile. These clusters were in central Greensboro
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downtown and Highpoint downtown. Overall, some of the high-density clusters of healthy
and unhealthy food were co-located, but the highest cluster for each one was in different
areas and varied by four times. With respect to the high-density clusters of unhealthy
food that were merged with the defined food desert areas, it appeared as though they had
access to more unhealthy food. However, because of other factors (income, population
density, and low access to transportation), it represented a food desert where people were
unable to access them within a one-mile walking distance. When comparing the mean
values of the two food deserts and food oases, it was evident the lower-income household
areas had higher obesity, higher hypertension, and higher mortality rates, whereas the high
cholesterol mean values were lower in food desert areas. The food swamp areas had low
mean values in all health issues in comparison to food jungle areas.

The food access map (Figure 8) and Table 2 both show fewer health issues and mor-
tality rates in food swamps and food oases compared to food deserts due to the better
access to healthy food outlets in these two areas. In addition, there was a strong, positive
correlation between income and food access, because it facilitates people with the ability to
access food stores by car or via another affordable transportation type. Higher access to
personal and public transportation showed a negative correlation between health issues
and mortality rates. For example, higher-income areas in food oases had fewer health
issues and lower mortality rates. The statistics also clearly showed that the food swamps
with more unhealthy options were still better than food desert areas with no food access in
a mile radius, causing a higher rate of health issues and mortality. These results showed
the high numbers of health issues and mortality rates in food desert areas (where more
health services, health awareness, and disaster risk preparedness were required for future
planning by the county).

The food access map covered only part of the county based on the category qualifi-
cation applied. However, some areas on the outskirts of the county were not categorized
by any of the food access categories (Figure 8), and this could represent a balanced or
neutral category of food access area with medium income, medium transportation access,
medium food access, and medium population density. Moreover, these areas could have
more variance in health statistics and less population density.

3.2. Regression Analysis Results

We conducted machine learning based regression analysis to validate the quantifi-
cation of dependency relations the food deserts against health factors similar to spatial
maps [26–28]. We used both linear and nonlinear models such as linear, K-nearest neigh-
bors, decision trees, and random forest. The linear regression independent produced results
for a single output at a time, while the other models produced all output at the same time.
The aims of using these models were to explore all models, compare their results, and find
the more suitable model for food distribution related problems. The Pearson correlation
coefficients (R2) matrix indicates degrees of linear association among a set of variables as
shown in the correlation matrix heatmap in Figure 9. R2 values close to 1 indicate that
there is a positive linear relationship between the data columns. Values close to −1 indicate
that one column of data has a negative linear relationship to another column of data. The
R2 values close to or equal to 0 suggest there is no linear relationship between the data
columns. The diagonal of the correlation matrix was 1 throughout because there was a
positive relationship between all the variables with themselves. It can be observed from
the correlation heatmap that there existed a strong correlation between high blood pressure
and high cholesterol (R2 = 0.82) in Figure 9. In addition, the same could be said for obesity
and high blood pressure (R2 = 0.77). However, there was a strong, negative correlation
between income and obesity (R2 = 0.7) in Figure 10. Moreover, there was no relationship
between obesity and high cholesterol, as it did not show any negative or positive (R2 = 0.34)
and substantiated similar to the GIS map in Figure 4.
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Figure 9. Correlation matrix with heatmap.

 

Figure 10. R-Squared and RMSE comparison of multivariate polynomial regression of second and third degrees.

3.2.1. Multioutput Regression Models

Multioutput regressions are regression problems that involve predicting two or more
numerical values given several independent variables. The multioutput algorithm is
more efficient than the single-output algorithm because multiple outputs can be estimated
simultaneously by the proposed prediction model.

Based on the R-Squared values in Tables 4 and 5 below, none of the multioutput
regression models can be recommended. Nevertheless, the R-Squared values of all four
models with obesity as a dependent variable consistently achieved a higher score, with
the highest being approximately 79%. The independent variables, namely, median income,
low car access, and population, had a significant influence on obesity rate and a negative
correlation with high cholesterol.
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Table 4. R-Squared values of the k-nearest neighbors, random forest, and decision tree for multioutput regression.

R-Squared

Models High Blood Pressure High Cholesterol Obesity

Linear regression for multioutput Regression 0.375 0.236 0.600
K-nearest neighbors for multioutput regression 0.349 0.045 0.771

Random forest for multioutput regression 0.350 0.054 0.797
Decision tree for multioutput regression −0.261 −0.806 0.586

Table 5. Root mean square error (RMSE) values of k-nearest neighbors, random forest, and decision tree for multioutput
regression.

Root Mean Square Error

Models High Blood Pressure High Cholesterol Obesity

Linear regression for multioutput regression 5.348 3.921 4.417
K-nearest neighbors for multioutput regression 5.50 4.385 3.347

Random forest for multioutput regression 5.457 4.363 3.149
Decision tree for multioutput regression 6.733 5.682 3.792

3.2.2. Multiple Linear Regression Models

Implementation of the multiple linear regression models on the data set was evaluated
considering the three dependent variables separately. The value of the coefficient of
determination (r-squared) when high blood pressure and high cholesterol were used
separately as dependent variables remained significantly low with or without interaction
terms. The R-Squared value obtained from these models was below 40%. However,
promising results were achieved when “obesity” was used in the multiple linear regression
model as a dependent variable. Table 6 presents the independent variables and dependent
variables for the multiple regression model. The predictors or features were transformed
to give interaction terms to improve the model (as presented in Table 7). This means
approximately 81% of the variability in the obesity rate (dependent variable) was explained
by the independent variables (high blood pressure rate, high cholesterol rate, and obesity)
in the multiple linear regression model. There existed a significant interaction between the
variables median income and low car and transportation access.

Table 6. Variables for multiple linear regression model development.

Inputs Output

Population Obesity Rate (Figure 2)
Median Income (Figure 6)

Low Car Access

Table 7. Results for the multiple linear regression using obesity as a regressor.

Interaction Terms Normalization
Outlier

Removal
Root Mean Square

Error
p-Value R-Squared

No No No 4.870 6.10 × 10−18 0.546
Yes No No 4.280 7.94 × 10−22 0.660
Yes Yes No 0.516 7.48 × 10−25 0.733
Yes Yes Yes 0.449 1.78 × 10−28 0.809
Yes No Yes 3.110 1.93 × 10−28 0.816

3.2.3. Multivariate Polynomial Regression Models

Implemented on all three variables (i.e., high blood pressure, high cholesterol, and
obesity) separately as dependent variables yielded the results. The multivariate polynomial
model of the second degree, with “obesity” as the dependent variable, again attained
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the highest accuracy score of approximately 81%. This was followed by the multivariate
polynomial model of the second degree with “high blood pressure” as the dependent,
scoring a slightly above 50%. The accuracy for the multivariate polynomial model of the
second degree, with “high blood pressure” as the dependent variable, was better than the
accuracy obtained for the same variable modeled with multiple linear regression (which
fell below 40%). Figure 11 shows the predicted trend versus the test data. The peaks
and troughs were very well in sync, using the multivariate polynomial regression for the
obesity rate model. In addition, Figure 10 shows the R-Squared and RMSE comparison of
multivariate polynomial regression based on second- and third-order polynomial functions.
The performance of the model was quite similar in comparison.

Figure 11. Multivariate polynomial regression of second degree.

4. Conclusions and Future Research

This research investigated the possibility of the geographic correlation of three health
issues (i.e., high blood pressure, high cholesterol, and obesity) with food distribution and
the statistical correlation with income and car access. These health issues were investigated
together to provide a thorough analysis of the chronic health conditions in Guilford County.
This study used geospatial technologies and machine learning techniques to provide
insights into developing sustainable and healthy communities by examining the presence
of food deserts, food swamps, and food oases. We demonstrated how access to healthy food
options influenced health and mortality outcomes in one of the largest counties in the state
of North Carolina, USA. Specifically, we co-intersected county-level data on representing
food access, income distribution, and access to personal and public transportation with
data on health or issues and mortality rates.

We started by showing the food outlets’ density and health records in the county.
The density measuring technique was an alternative method to creating food access maps.
The RFEI measure showed only the quantitative index value and may not have covered
all tracts based on the equation’s requirements. Then, we analyzed the health records in
the food desert, where people had limited access to healthy food options due to the low
income and low transportation access. We also created geospatial maps of food swamps
and food oases. Geospatial data presented the distribution of food deserts in Greensboro
and Highpoint downtowns; high income distributes in the northwest of Greensboro, in
Summerfield, Oakridge, and Kernersville; high density of food outlets, both healthy and
unhealthy, in Greensboro and highpoint. The results clearly showed that food swamps
had a higher density of unhealthy food outlets than healthy outlets, while a food oasis had
a higher density of healthier than unhealthy food options. We then compared the health
records in each of these food geographies to examine any influence of healthy food access
on health issues.
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This study was limited to the study area of Guilford County. The county-level was
practical for showing the current stage and helping local decision makers. Involving more
counties for comparison would have supported the study’s hypothesis that health issues
had a positive correlation with food distribution.

The results of the GIS analysis demonstrated that food deserts with low income, high
population density, and low access to transportation were less sustainable, as they showed
a high correlation with severe health issues and mortality. Food swamps and oases showed
lower health issues and mortality rates compared to food deserts due to the availability of
transportation access and income higher than poverty in these areas. The food swamp was
a better option than food desert because, nonetheless, the unhealthy food options were
accessible. The study’s results presented the correlation of food environment with three
health issues, unlike other studies. For instance, a study analyzed the numbers of healthy
and unhealthy foods and the rate of obesity and found a correlation with unhealthy food
options [45]. However, our study investigated more variables, such as income and car
access, which were parts of food access areas.

Food deserts showed greater health issues. This could be related to one of the area’s
characteristics: the availability of unhealthy food outlets, high poverty rates, and low access
to transportation. Regarding the availability of unhealthy food, some studies showed no
association between unhealthy food and health issues such as obesity and hypertension.
A study applied statistical analysis to investigate the correlation between unhealthy food
options and obesity and hypertension in children but found no significant correlation [46].

Regression models were used to detect relationships and predict results. The applica-
tion of several regression models was objective in comparing their results. It illustrated the
most correlated variables regarding health issues for inclusion in the development plan.
Moreover, illustrating these strong variables would benefit stakeholders in directing new
plans and investments. Multi-output regression and multiple linear regression analyses
were used to examine the correlation between independent and dependent variables in the
study area. Multi-output regression is a series of independent linear regressions. There are
three outputs and three inputs. The linear regression for the multioutput model coefficients
and intercepts is given in the table below (Table 8) and the parameters in Table 3. We
included different regression models for comparison and evaluated the model with the
highest performance. In machine learning, it is not always straightforward that a better
model will consistently give higher performances across all distributions of a data set.

Table 8. Models’ coefficients.

Coefficients Intercept

Models MedIncome Car_Access Population

High blood pressure −4.04 × 10−5 7.72 −4.18 × 10−4 35.64

High cholesterol 3.79 × 10−5 4.31 −7.89 × 10−4 35.37

Obesity −1.47 4.05 2.65 × 10−4 41.44

The obesity and high-cholesterol output variables showed high positive and negative
correlations (R2 = 0.79 and −0.81), respectively, based on the independent variables of low
car access, population, and median income. The obesity and high cholesterol variables were
modeled using random forest and decision trees for the above performance. In contrast, the
linear and nonlinear regression models could only help to predict the dependent variable
obesity with an R2 value greater than 0.80.

The correlation matrix results illustrated a strong, negative relationship between
income and obesity and a positive relationship between independent variables, high blood
pressure, and high cholesterol. In addition, it presented the correlation between obesity
and income. There was more of a correlation of the independent variable with obesity than
between high blood pressure and high cholesterol.
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Overall, our results suggested that when compared to food swamps and food oases,
food deserts would be the most vulnerable and would probably experience the highest
mortality rates in the case of health-related disasters. The presence of such food deserts
challenges the sustainable community goals of city and county administrators and directs
the need for development in these areas for better future planning.

Future studies may examine the long-term statistical association of food with respect
to commercial and governmental policies implemented and its impact on people’s health
and conditions. More specific future studies may investigate the low rate of health issues in
food swamp areas. Moreover, future research may investigate the increase in health issues
and potential cause(s) in various areas over time and recommend possible solutions.
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Abstract: Portugal and Spain share one of the greatest European borderland areas. This fact has
direct impacts on a large territory and consequently on the communities’ living in it. Still, even if
the border areas represent an essential fraction of the territory, planning policies have not resulted
in specific cooperation programs that could enable sharing general leisure and recreation assets
and infrastructures and collaboration in critical domains—i.e., the case of the health sector. The
present study aims to assess the territorial accessibility to the hemodynamic rooms by the potential
population of the Spanish-Portuguese transition areas that may suffer an acute myocardial infarction.
Contextually, this study employed a spatial interaction model based on the three-step floating
catchment area method (method-3SFCA). By applying these methods, it was possible to develop
a map of accessibility to health infrastructures equipped with hemodynamics rooms on both sides
of the border that may answer the Spanish-Portuguese border populations’ needs. Besides, while
granting valuable information for decision-makers regarding the need to develop new infrastructures
to guarantee that even considering cross border cooperation, everyone gets access to a hemodynamics
room within the critical intervention period.

Keywords: cross-border cooperation; geographic information systems; Iberian borderland; strategic
planning; sustainable planning

1. Introduction

Providing adequate essential services is an increasingly important issue in livelihoods,
sustainability, and public policy [1]. Equality of access to these services must be achieved
between different population groups regardless of social, economic, demographic, or
geographical differences that in many cases lead to inequalities in the provision of these
services [2–4]. Mainly it must be achieved in those services that are vital, such as the health
service [5,6].

Nevertheless, in many cases, the provision of health services is not distributed equally
in one region and among different population groups due to a variety of spatial and non-
spatial factors [7,8]. As for non-spatial factors, these mainly significantly affect the quality
of the health service offered [7,9]. However, spatial aspects can become a physical barrier
that hinders adequate access to health services, depending on the separation distance
where the patient needs medical assistance to the nearest hospital where he or she can
be assisted [10,11]. For this reason, health service planning must make it accessible and
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effective for the whole of the served population [12–14]. For this reason, the location of
health infrastructures has a social impact among residents of cities and towns [15,16]. In
fact, a country’s health care capacity affects others due to the interconnection between
economic, social, technological, and political systems [17].

In this regard, considering the different political systems of Spain and Portugal,
each country depends on its criterion of self-sufficiency to provide health infra-structures,
producing unequal technological development. These differences are more prominent in
high-tech sanitary technology equipment, mainly because it is more expensive and requires
more skilled human resources. In fact, the non-existence of prior collaboration agreements
or previously established protocols causes the patient to be treated primarily in the same
country where he or she requires healthcare. Likewise, if the population’s access to health
services may in some cases be inadequate and unequal [18], this is aggravated concerning
high-tech health care [19], like hemodynamic rooms that are considered representative
precisely of high health care technology for three fundamental reasons. Firstly, access time
to these rooms is a vital factor for the patient. Secondly, they offer urgent health benefits by
treating myocardial infarction through percutaneous coronary angioplasty (PCA) which
is a treatment potentially usable in the vast majority of patients with acute myocardial
infarction, achieves the recanalization of the coronary artery in more than 90% of cases,
with better perfusion of the infarcted area and a lower incidence of re-inclusion when
compared with thrombolytic treatment [20]. Thirdly, these rooms must be integrated into a
hospital [10].

The assessment and optimization of cardiovascular and hemodynamic variables is a
mainstay of patient management in critically ill patients in the intensive care unit (ICU) or
the operating room (OR). Therefore, it is of outstanding importance to meticulously validate
technologies for hemodynamic monitoring and to study their applicability in clinical
practice and, finally, their impact on treatment decisions and patient outcome [21]. Indeed,
hemodynamic monitoring provides the basis for optimizing cardiovascular dynamics in
intensive care medicine and anaesthesiology [22]. The hemodynamic room has the most
advanced technology for the diagnosis and treatment of coronary diseases. On the one
hand, the virtual histology offers differentiated and percentage information of the four
components of the atheroma plaque: the fibrotic, lipid, calcium, and chorionic content.
On the other hand, intracoronary ultrasound consists of a 1 mm catheter incorporating a
small ultrasound emission system (transducer) at the distal end connected to a console that
generates images in real-time.

The use of indicators makes it possible to assess the geographical distribution of
the applicant population of these services, the transport infrastructures that allow access
to them, and the provision of services offered by health infrastructures. In this sense,
the proliferation of spatially disaggregated data and the increasing use of Geographic
Information Systems (GIS) has led to a plethora of spatial accessibility analysis to health
services, combined with criteria for quality and efficiency of the service provided [10]. In
the bibliography on accessibility, a great variety of indicators that evaluate them is observed
(see, for example, [23–27]). Moreover, all of them offer a measure to close the existing
separation between human settlements and activities depending on the transport network
made available to defining a single indicator of accessibility that includes all the approaches
is nearly impossible to realize since each indicator measures this variable from a concrete
point of view, to evaluate the quality of the access to the transport infrastructures and to
determine strategic locations or as tools for the planning in the decision-making process [26].
However, these indicators can complement each other to provide a clearer picture about
the benefits that the analyzed infrastructure will facilitate the territories affected by it [28].
Therefore, it makes it possible to analyze whether societies are inclusive [29], that all
their members have access to high-tech healthcare services and impartial, and whether
they have the same healthcare opportunities [30–32]. This kind of analysis has produced
different approximations [18,33], including the regional availability model [34–37], kernel
density models [29–31], and gravity models [38–43]. Among the latter models the two-step
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floating catchment area method (2FSCA) stands out [44,45]. However, the adoption of
an equal catchment size was criticized for the lack of nuances in interpreting the effect of
decreasing distance [43] and to adapt to the different travel environments where health
search behaviors take place, the enhanced two-step floating capture model (ESFCA) was
proposed [46]. Nonetheless, in these latter two methods, there is the oversight of regional
competition [7]. In fact, it is also known as “intervention opportunities” in the language of
spatial interaction models [47], as they limit search behaviors, as in many cases, the patient
can be treated outside a particular administrative unit [48,49], to minimize this defect the
three-step floating catchment area method (3SFCA) was developed [50–52]. Regarding
the choice of 2FSCA versus 3FSCA, it is a necessary combination of both a distance-decay
function and variable catchment size function for the 2SFCA to appropriately measure
healthcare access across all geographical regions [53,54]. The 3SFCA method is based on a
more reasonable assumption of healthcare demand for medical services [51]. Suppose it
is considered the chance that a patient could be treated in two neighboring countries. In
this scenario, the boundary line would be considered non-existent to serve the population
regardless of the country in which it resided. To seek collaboration between both countries
to seek a better health service to the population. 3FSCA assumes that a population’s
healthcare demand for a medical site is influenced by the availability of other nearby
medical sites. Indeed, it assigns a travel-time-based competition weight for each pair of
population-medical sites in addition to the E2SFCA methodology.

In fact, when we aggregate the population within the overlapping catchment areas
of multiple facilities, the original 2SFCA framework leads to double-counting of the pop-
ulation that tends to increase the level of demand in the healthcare system [55]. Various
solutions to the demand and level of service increase have been proposed, including
selecting weights based on a travel impedance function in the 3SFCA method [55].

The current work intends to elaborate a viable framework to measure spatial accessi-
bility for the resident population in Spain and Portugal regarding hemodynamics rooms.
Through the present study, the municipalities have been classified according to their ac-
cessibility degree. Therefore, it was allowed to determine which are the ones that show
inadequate accessibility levels.

As for the spatial heterogeneity of border areas, by using an adjusted spatial access
index, the 3SFCA method indicates strong potential for identifying health professional
shortage areas [51]. In this regard, in the borderline region between Spain and Portugal,
there is a shortage of hospitals, and as a consequence, there is a shortage in the sanitary
services offered. Another point to consider is that the opening hours are 24 h a day.
Therefore, for every hemodynamic room, the perception of quality care was taken into
account by the doctors who finally decide where the patients will be treated.

In order to carry out such a study, two scenarios will be put forward: (1) the pa-
tients could be treated only in hospitals with hemodynamics rooms in their own country;
(2) the patients also be treated in hospitals located outside their country. In this regard,
the difference between these scenarios will identify the municipalities that improve their
accessibility patterns and quantify how people’s living standards continue to increase
regarding health services.

2. Materials and Methods

Based on official information and the application of the spatial interaction model
3SFCA, the proposed objective could be met. In this regard, the data used comes from
publications made by official institutions. Although, they must be differentiated according
to the sources used for each of the countries. In the case of Spain, these sources are the
Official Road Map of 2021 of the Ministry of Development, the National Cartographic Base
at a scale of 1:200,000 (BCN200) of the National Geographic Institute (IGN), the revision
of the Municipal Population Register of 2020 of the National Institute of Statistics (INE)
and the Minimum Basic Set of Hospital data (CMBD) of 2014, the National Catalog of
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Hospitals (CNH) of 2020 prepared by the Ministry of Health, the Ministry of Social Rights
and Agenda 2030 and the Ministry of Consumer Affairs.

In the case of Portugal, the data comes from the web portal relating to the Portuguese
infrastructure network, the National Geographic Information System (SNIG) and the
National Territorial Information System, the PORDATA web portal, and the set of Health
Centers in 2012 from the National Institute of Statistics (INE). Likewise, to obtain the
hemodynamic room number of each hospital, it was necessary to have Computer-assisted
telephone interviewing (CATI) and computer-assisted web interview (CAWI), based on
electronic surveys sent to respondents before.

However, there is a common source of information for the two countries, the land use
registered by the Corine Land Cover program for the year 2018, to determine the uses of
the continuous urban fabric land designated with code 111 serve to determine urban areas.

Likewise, the development of all the tasks and calculations performed was carried
out using the R statistical package (created by Ross Ihaka and Robert Gentleman, in
Auckland, New Zealand) and the ArcGIS 10.8.1 application (ESRI, Redlands, CA, USA)
and its network analysis tool, Network Analyst.

In fact, the tasks carried out are differentiated by five essential phases. Initially,
the design of the base cartography, continuing with the determination of the floating
catchment areas of the hospitals equipped with some hemodynamic room and continues
with the obtaining of the thematic cartography that shows the degree of health coverage for
each municipality in two differentiated scenarios and ends with the comparative analysis
of the alphanumeric information. In one scenario, the patient can only be treated in
hospitals located in the same country where he suffered a myocardial infarction—in the
second scenario, taking into account that the patient can also be treated in hospitals in the
neighboring country (Figure 1).

 

Comparative analysis of alphanumeric information
Proportion of population and municipalities 

according to health coverage
Estimation of equitable accessibility to health 

services offered by PCA

Obtaining the thematic cartography

Scenario 1: the patient could only be trated in his 
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neighbor country

Defining the hosptials catchment areas 
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hemodynamic rooms

Figure 1. Workflow.
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2.1. Developing Cartography

The cartography used is vector and is composed of four layers in Shapefile (shp.)
format. Likewise, it has been used in the European Terrestrial Reference System 1989
(ETRS89) in spindle 30.

Firstly, the road network is modeled using graphic entities linear to the entire road
network of peninsular highways (Figure 2). The topology generated for this layer is of
the arc-node type, on which the impedance is determined in minutes as the time it takes a
vehicle to travel each of the network sections. This happens once each section of the road
had associated the maximum speed allowed and the distance to travel.

Figure 2. Roads in the Iberian Peninsula.

The second layer of information corresponds to the urban area of cities and towns
(Figure 3). Polygonal graphic entities represent these, and the resident population in each
one of them composes the associated alphanumeric information.

Figure 3. Continuous urban fabric in the Iberian Peninsula.
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The third layer of information evokes the municipal capitals represented by dots with
the resident population as associated alphanumeric information (Figure 4).

Figure 4. Municipal capitals classified by population.

The last layer represents the cities with hospitals that contain some hemodynamic
rooms (Figure 5). Precisely the number of hemodynamic rooms is the alphanumeric
information associated with them. The graphic entity that represents them is the centroids
of the municipal capitals that contain some hemodynamic room. These were determined
by selecting those municipal capitals with a public or subsidized hospital equipped with a
hemodynamic room. In this regard, Figure 5 shows a symbol in the cities with hospitals
where there are hemodynamics rooms. However, this symbol is also proportional according
to the number of hemodynamics rooms in the hospitals.

Figure 5. Hospitals classified by number of hemodynamics rooms.

26



ISPRS Int. J. Geo-Inf. 2021, 10, 514

2.2. Origin-Destination Time Matrix

The time from the emergency notification to the balloon implantation in the PCA
should not exceed 90 min according to the medical standards [56–60]. Therefore, since the
patient suffers acute myocardial infarction, a hemodynamic room is crucial to the treatment
in a hospital. In fact, this determines physicians’ behavior when selecting the hospital
where the patient is to be transferred. As a consequence, a threshold time of 90 min was
established in the analysis.

In this regard, the transfer time of the patient to the hospital was determined as the
travel time between the municipal capitals that require a PCA and the cities that have a
hospital with at least one hemodynamic room. Besides, by calculating the inter-urban travel
time between cities or towns, the intra-urban times it takes to traverse the different urban
environments are estimated, from the municipality of origin where the patient suffers the
myocardial infarction to different hospitals that have a hemodynamic room. Precisely, the
population and the urban area are used to estimate these intra-urban times, since in this
methodology they are estimated based on the population density of urban areas, through a
linear adjustment that gives a maximum of 80 km/h to the areas with the lowest population
density and a minimum of 20 km/ha in the most densely populated areas [59]. In this way,
the sum of the inter-urban time plus the intra-urban time determines the total time of the
journey between the municipal capitals with some patients due to myocardial infarction
and the urban centers with a hospital hemodynamic room.

2.3. Defining Hospital Catchment Areas

The relationship between supply and demand for healthcare resources is analyzed by
applying the spatial interaction model called 3-step floating catchment area (3SFCA). This
model is based on a logical conjecture of the demand for health care [10]. Because it assumes
that the population that demands health care from a particular place is influenced by the
availability of different nearby sites where medical care is offered, specifically by the time
of separation and the services offered. Conceptually, the model assigns a travel-time-based
competition weight for each population-medical site pair in addition to the methodology
outlined in an enhanced two-step floating catchment area (E2SFCA). This weight is then
used to calculate the demand of service sites, thereby minimizing the overestimation [58].
The method is implemented in three steps:

Step 1: Determine the catchment of a population location i based on a 90-min driving
zone. A person can suffer a myocardial infarction and where all the services available within
the catchment are sought. In this case, all those hospitals have at least one hemodynamic
room. Subsequently, a Gaussian weight is assigned to each service site according to the
sub-zone in which the site lies (i.e., if a service site is located within the second sub-zone,
the Gaussian weight (i.e., W 2) of the sub-zone is assigned to the service site), and calculate
a selection weight between each service site and i by:

G
Tij

∑k∈{Dist(i,k)<d0} Tij ij
(1)

where Gij is the weight of the selection between the location i corresponding to the capital
of the municipality where a patient could suffer a myocardial infarction, and the place j
where there is a hospital with at least one hemodynamic room, Dist (i,j) is the cost of the
trip (minutes) from i to any service location k within the catchment. Likewise, d0 is the size
of the basin, which in this case is 90 min, taking into account that the maximum time by
medical standards [56–60]. The Gaussian weights for j and k were assigned using Tij and
Tik, respectively.
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Step 2: Determine the 90-min catchment area of each service site j and divide the
catchment into five sub-zones using the same procedure of step 1. All locations within the
catchment are sought and computed the physician-to-population ratio (R) of j by:

R
Sj

∑k∈Dr GkjPkWr j
(2)

Sj is the medical capacity of j, in this case, it corresponds to the number of hemo-
dynamic rooms available in each hospital. Likewise, Wr is the impedance of the r-th
sub-zone Dr, was determined through the road network that served to move the patient
from each capital of each municipality to a hospital with at least one hemodynamic room.
Furthermore, this impedance considers inter-urban time and intra-urban time, and Gkj is
the selection weight between j and population site k, and Pk is the population size of k.

Step 3: Compute the spatial access of population site i by:

AF
i = ∑

j∈Dr

GijRjWr (3)

where Rj is the physician-to-population ratio of j within the catchment, Gij is the selection
weight between i and j, and Wr is the Gaussian weight of the r-th sub-zone Dr.

In the case analyzed, the 3SFCA assumes that the demand of a municipality’s popula-
tion is affected by the cost of traveling to the nearest health service that offers the treatment
of primary percutaneous coronary angioplasty as by its travel costs to adjacent sites offering
the same service. This is a logical assumption because the demand of the people for a
medical site will decrease when the adjacent sites are also available since the demand of
the population in some cases could exceed the supply of hemodynamic rooms that are
offered. In fact, the selection weight, Gij, reflects this change. Gij equals 1 when only one
medical site is available for a population site but decreases with an increasing number
of available alternatives. The multiplication of Gij, Pi, and Wij represents the adjusted
population demand of location i on medical site j.

2.4. Developing of the Thematic Cartography

All the previous methodological steps were applied, taking into account two scenarios.
In the first one, patients suffering from a myocardial infarction can only be transferred
to hospitals located in their country to receive a PCA. Second, patients suffering from a
myocardial infarction can be transferred to hospitals in their country or to a neighboring
country. For this reason, two thematic maps were obtained.

From the results obtained in analyzing the accessibility to the PCA service, five classes
were established through equal intervals, considering the maximum value obtained in
both scenarios. In this way, they remained constant in both scenarios, allowing the same
classification of the values corresponding to the capacity map to be made at the PCA
service. Thus, it is possible to compare both thematic maps and, consequently, both
scenarios, identifying and locating those municipalities that suffer the greatest and least
variation if the patient could have access to health services in the neighboring country.

2.5. Comparative Analysis of Alphanumeric Information

Comparing the alphanumeric information associated with each of the municipal-
ities in the two analyzed scenarios and the results obtained after applying the 3SFCA
allows quantitatively determining the municipalities and the population residing in them
according to their access coverage they offer hospitals that have a hemodynamic room.

In this regard, the execution of Structured Query Language (SQL) selected the data
corresponding to the municipalities classified according to the established levels of health
coverage. From this selection, the relative distribution of health coverage concerning the
resident population in the analyzed municipalities and the accumulated percentage of the
population could be captured, according to the capacity of PCA health services, by the
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municipality for inhabitants to access to any country or capacity of PCA health services,
by the municipality for inhabitants that could only access they own country. Without
ambiguity, it is possible to determine which of the scenarios show greater inequality in
access to health services.

3. Results

The thematic maps represent the health coverage for each municipality’s inhabitants
in the two scenarios proposed. For this reason, the first map represents the health coverage
of each municipality if the patient can only be transferred to hospitals located in the same
country where he suffered a heart attack (Figure 6). The second map shows the health
coverage of each municipality if the patient can also be transferred to hospitals in the
neighboring country; that is, if the patient suffers a heart attack in Spain, they could also be
transferred to Portugal and vice versa (Figure 7).

Figure 6. Capacity of health services to make a PCA, by the municipality, if patients that could only access hospitals located
in the same country where they suffered a myocardial infarction and are not entitled to be treated in the other country.

The thematic map in Figure 6 shows the situation of each of the hospitals in the Iberian
Peninsula that have at least one hemodynamic room to perform a PCA and the health
coverage in the municipalities if the patient can only be transferred to hospitals that are in
the same country where he suffers the myocardial infarction. Regarding the distribution of
hospitals, it can be seen that the distribution in the border area between the two countries
is scarce. In fact, there is only one hospital in a cross-border city. This hospital is located
in the NUTS III of Badajoz, located in the southwestern part of Spain (Figures 5 and 6).
Likewise, also in Spain, in the northwest region, there are three hospitals in areas close to
the border located in the NUTS III of Ourense and Pontevedra (Figures 5 and 6).

On the contrary, in Portugal, there is no hospital in a cross-border city. However, there
are areas close to the border, in the north in the NUTS III of Cávado, in the southern half in
the NUTS III of Alentejo Central, and in the south at NUTS III in Algarve (Figures 2 and 6).
This spatial distribution of hospitals reveals that both countries have developed health
policies without coordination to achieve greater coverage in the cross-border area.
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Figure 7. The municipality’s capacity of PCA health services for patients that could access hospitals located in the same
country where they suffered a myocardial infarction and hospitals in the neighboring country.

Regarding the health coverage observed in each of the countries, in Spain, no pattern
is observed (Figure 6). Although, there is a predominance of municipalities with medium,
high, or very high health coverage. Even in the cross-border area with Portugal. However,
it is true that in Peninsular Spain, there are also some areas with some isolation from access
to hospitals. The largest area located between the NUTS III of Soria, Guadalajara, Teruel,
and Cuenca stands out. However, the cross-border area with France in the north of the
NUTS III of Huesca and Lleida, between the NUTS III of Cáceres, Toledo, Badajoz, and
Ciudad Real (Figures 2 and 6) are also noteworthy. In Portugal, a pattern is observed, since
in the eastern part and bordering with Spain; there seems to be a low health coverage in the
vast majority of municipalities (Figure 6). However, at the western end, coverage is greater,
highlighting a center-periphery model around Lisbon. Therefore, Portugal seems to have
developed a distribution of health resources in the coastal areas in the northern half and
the southern half centered on the NUTS III of Grande Lisboa, south of the NUTS III West
and in the NUTS III of Algarve, existing a great contrast between areas with optimal health
coverage and those that practically suffer from inadequate coverage (Figures 2 and 6).
Precisely, the comparison of this health coverage in the cross-border area indicates that
Portugal would benefit more if there were a common policy between both countries, since
it has a greater extension of territory with little health coverage, and Spain has adequate
health coverage in this cross-border area.

The thematic map in Figure 7 shows, as in Figure 5, the same distribution of hospitals.
However, in this case (Figure 7), the patient who suffers a myocardial infarction can also be
transferred to hospitals in the neighboring country. As might be expected, the variation
in health coverage occurs in the border area and not in the rest of the territory of both
countries. However, the comparison of the two scenarios proposed (Figures 6 and 7) in the
cross-border area shows that the effects of the variation in health coverage are different in
both countries.

In this regard, in Spain, the NUTS III of Ourense (Figures 2 and 7) improves the health
coverage of most of the municipalities located in the south of this NUTS III. In Portugal, in
the NUTS III of Minho-Lima, some municipalities have low or medium health coverage
(Figure 6) to have very high coverage (Figure 7). Possibly, because the accessibility to the
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hospitals located in the NUTS III of Pontevedra and Ourense is adequate, possibly made
possible by an optimal network of roads.

Likewise, in the northern part of the country and in the eastern direction, several
municipalities within Tras-os-Montes NUTS III improve their health coverage, going from
very low (Figures 2 and 6) to low (Figures 2 and 7). In the case of Spain, some municipalities
located to the south within the NUTS III of Ourense improve. Therefore, it is shown that
those patients in the Portuguese municipalities located in the northwestern part of the hos-
pital located in the NUTS III of Alto Trás-os-Montes, if they could be transferred to Spanish
hospitals, they would have the same health coverage as the Portuguese municipalities
closest to the hospital located in Alto Trás-os-Montes. The road network to access Spanish
hospitals could be more adequate than the road network to access the hospital located in
the NUTS III Alto Trás-os-Montes located in the same country (Figures 2 and 7).

Furthermore, in the NUTS III of Alentejo Central and Alto Alentejo, the health cover-
age of some municipalities in Portugal improves. Possibly, due to the proximity in access
time to the Badajoz hospital, since the road network allows an access time consistently
below 90 min in the municipalities indicated above and, also, because this Spanish hospital
has a greater number of hemodynamics rooms. On the contrary, in Spain, the variation in
health coverage is inexistent. Therefore, there is no improvement in this coverage, even
with the possibility of transferring the patient to Portuguese hospitals—possibly, because
the access time to the hospital located in Central Alentejo does not compensate for treating
the patient when in the hospital located in the NUTS III of Badajoz (Spain) there is a greater
number of hemodynamic rooms.

Finally, in the southern border area, the effect produced by the improvement of health
coverage in both countries is non-existent. Possibly, each country has adequately endowed
that part of the territory and transferring the patient to the neighboring country is not
appropriate. Due to the location of the hospitals and the resources available in them, and
because of the road network to reach them. In other words, in this case, contrary to what
happened in the cross-border northern half, the attractiveness produced by the healthcare
resources offered in the neighboring country does not overcome the inconvenience of
having to transfer the patient and travel more kilometers to reach them to the hospital.

Also, from the thematic maps, the number of municipalities and the resident pop-
ulation were represented in percentages grouped according to the five levels of health
coverage (very low, low, medium, high, and very high) previously used in the thematic
maps (Figures 8 and 9).

 

Very low Low Medium High Very high
Number of municipalities (%) 11% 25% 28% 22% 14%

Population (%) 3% 5% 8% 9% 75%

Scenario 1: Capacity of PCA health services, by the municipality, for inhabitants 
that could only access hospitals located in the same country where they suffered a 

myocardial infarction

Number of municipalities (%) Population (%)

Figure 8. Number of municipalities and population for patients that could only access hospitals
located in the same country where they suffered a myocardial infarction.
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Very low Low Medium High Very high
Number of municipalities (%) 7% 23% 30% 24% 16%

Population (%) 2% 3% 9% 10% 76%

Scenario 2: Capacity of PCA health services, by the municipality, for inhabitants 
that could access hospitals located in the same country where they suffered a 

myocardial infarction and hospitals in the neighboring country.

Number of municipalities (%) Population (%)

Figure 9. Number of municipalities and population for patients that could access hospitals lo-
cated in the same country where they suffered a myocardial infarction and hospitals in the
neighboring country.

Figure 8 shows these percentages if the patient who suffers a myocardial infarction
can only be transferred to a hospital in the same country where he suffered said infarction.
Thus, it stands out that, although only 14% of the municipalities have very high health
coverage, they host three-quarters of the population. Therefore, it can be stated that a scarce
14% of the municipalities host 75% of the population and have excellent health coverage
in the Iberian Peninsula. However, there are also municipalities where there are health
coverage problems. On the contrary, 11% of the municipalities with a low population of 3%
have health coverage problems.

Consequently, it can be established that the most unpopulated municipalities are those
with the greatest health coverage problems. In this sense, it stands out that the population
increases progressively from the levels with the worst health coverage to those with the
highest health coverage, from 3% to 75%. Therefore, the planning of health services has
obeyed, among other criteria, the fundamental criterion of the existing population in each
country’s regions.

In order to be able to compare health coverage in the two scenarios, Figure 9 was
made using the same criteria as in Figure 8. However, in this case, assuming that the
patient could be transferred well to hospitals located in the same country where he suffered
the heart attack of the myocardium or to a hospital located in the neighboring country.
Nevertheless, the comparison of both figures (Figures 8 and 9) allows us to affirm that the
pattern is maintained in terms of the health coverage offered. Most of the population, 76%,
would continue to have better health coverage and a small population with poor health
coverage. Even the same trend is observed in terms of population increase as the level of
accessibility increases.

Nonetheless, the comparison of both scenarios (Figures 8 and 9) allows us to observe
some patterns. In the first place, at the lowest levels of health coverage (very low and
low), the number of municipalities and the population decreased slightly. On the contrary,
the number of municipalities and the population with the best levels of health coverage
increase (medium, high, and very high). Therefore, it seems that municipalities and their
population are being removed from specific sanitary isolation. However, there are still
municipalities and populations with little health coverage.

Figure 10 represents the percentage of the accumulated population in percentage
values according to the percentage of accumulated health coverage. For this reason, the
blue line evokes an equitable ideal distribution of health coverage for the realization of
PCA for the entire population of the Iberian Peninsula. Likewise, the red line represents
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health coverage for the population, considering that the patient can also be transferred to
a hospital located in the neighboring country where they have suffered the myocardial
infarction. Furthermore, the green line represents the capacity of the health service if the
patient can only be treated in a hospital located in the same country where he suffered this
myocardial infarction. Thereby, the curve representing the possibility that the patient can
be transferred to hospitals located in both countries is closer to the curve that represents
the ideal equitable distribution. As a consequence, it can be affirmed that health coverage
for PCA would be more equitably distributed if a patient suffering from myocardial
infarction can be treated in a hospital independent of the country where they came from,
simply taking into account the access time and the number of hemodynamic rooms at the
different hospitals.

 

%
 h
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lt

h 
co

ve
ra

ge

% population

Equitable distribution of health
coverage for the entire population

Capacity of PCA health services, by
the municipality, for patients that
could only access hospitals located in
the same country where they suffered
a myocardial infarction and hospitals
in the neighboring country
Capacity of PCA health services, by
the municipality, for patients that
could only access hospitals located in
the same country where they suffered
a myocardial infarction.

Figure 10. Comparison analysis through a Lorenz curve.

4. Discussion

Policies on health infrastructure between two countries that are part of the European
Union should be coordinated. However, this study shows that, to some extent, this is not
the case between Spain and Portugal.

The border region is made up of mostly sparsely inhabited municipalities. When it
comes to health matters as a primary right of citizens, in both countries, the location of
hospitals has been prioritized in those more inhabited places, or at least the establishment of
those hospitals better equipped with high-tech sanitary equipment, such as hemodynamic
rooms to apply a PCA.

However, greater health cooperation between the two would achieve a more equitable
distribution of health coverage for all the inhabitants of the Iberian Peninsula. Although
Portugal could benefit more, there would also be inhabitants of Spanish border municipali-
ties that would benefit. Likewise, it must be taken into account that both in the border area
and the interior of both countries, considering the two scenarios analyzed, there are areas
with little health coverage. One would expect to apply specific mitigating measures to
alleviate this possible sanitary isolation of high-tech sanitary resources on these territories.

Additionally, even if current health collaborative environments are now populated
mainly of a great diversity of cooperation alternatives, the fact is that we still miss the use
of specific tools providing essential and effective strategies regarding the use of medical fa-
cilities located along the border. However, as Morales et al. [48] mentioned, communication
links enable information collection that can be accessed and/or used by shared infras-
tructures and services in these territories. Mainly, in medical and clinical environments,
resource and service sharing can promote countless potential benefits, supporting very
often territories in which medical specialists and infrastructures are very often reduced or
limited, enhancing collaboratively gathering vital health opportunities for patients living

33



ISPRS Int. J. Geo-Inf. 2021, 10, 514

in these cross-border territories—which are the territories inserted near the borderland, in
this case, along the Spanish-Portuguese border.

This fact is increasingly vital in a scenario in which most of the renew equipment
and/or construction processes of health infrastructures are supported and financed by
European Community funds, that should benefit all the European populations regardless of
existing frontiers, bearing in mind the objective to grant better health care for every citizen.

5. Conclusions

Through the present investigation, a series of conclusions were reached, taking into
account the access time and the number of hemodynamic rooms to the different hospitals.

Firstly, Spain and Portugal have developed health policies without consideration
of the status in the other neighboring country—as shown by the poor distribution of
hospitals in the cross-border area—the territories located near the Portuguese-Spanish
borderland. However, it is also true that it has been shown that in Portugal, there is a
greater concentration of population in the coastal area; this country may require a greater
concentration of hospitals here.

Secondly, Portugal would benefit more from developing greater coordination and
cooperation in health policy between the two countries—once this country has a more
extensive territory where health coverage is low or very low. On the contrary, Spain has a
higher level of adequate health coverage in most cross-border areas.

Thirdly, the variation in health coverage that would occur if the patient could also
be treated at a hospital in the neighboring country where he suffered the myocardial
infarction shows a different effect in both countries. In Portugal, in most of the affected
municipalities, they could achieve better health coverage, in some cases equating them
to the municipalities closest to hospitals in Portugal. However, in Spain, which already
has adequate health coverage, the number of municipalities where better health coverage
would be produced is scarce.

Both countries show excellent health coverage for most of the population, as 75% of
the population has more than optimal health coverage. Therefore, both have followed a
health policy in favor of those most populated municipalities. However, we must not forget
that there is still a significant part of the population that has health coverage problems, and
for these, it would be necessary to try to apply mitigating measures.

In this regard, the collected data enable us to put forward unique ideas considering
that health departments and facilities located along the Portuguese-Spanish border can
meet public health needs within their common jurisdictions as long as we enable border
regions and their complex environment to be considered as a single European region,
regardless of national boundaries. In fact, resource sharing across jurisdictions is a critical
opportunity to cross-border regions enabling these territories, sometimes in disadvantaged
positions to improve competitiveness, gain effectiveness and increase efficiency.

Additionally, the collected data enabled us to conclude that cross-border health re-
source sharing constitutes a viable and desirable process to overcome fundamental chal-
lenges within scenarios of increasing constraints posed by restricted budgets. Indeed, even
if this is not the only reason for cross-border cooperation, limited health resources and
budgets associated with low-density territories as the ones characteristic from the majority
of the Portuguese-Spanish border, should consider, augmenting resource sharing not only
to address emerging challenges but to grant better health services to local populations.

Lastly, although the pattern of health coverage is not broken in the two compared
scenarios, it can be established that it is more favorable for the whole of the Iberian
Peninsula in the second scenario. In this sense, the municipalities and the population fall
for the most precarious levels of health coverage, increasing these in better levels of health
coverage. Likewise, health coverage would be distributed more equitably regardless of the
country where the patient suffers the myocardial infarction.

The originality and relevance of this study should be emphasized on its findings—
once it is possible to find an issue for such a relevant issue as is the case of the emergency
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health problems of the Portuguese-Spanish borderland populations. Nevertheless, if
this study outcome gives us a significant contribution to this thematic field of cross-
border cooperation, some improvements and future research lines persist. Among the
various research lines that persist, we can use different testing tools—i.e., use a Gini
coefficient instead of a Lorenz curve. Therefore, the results from the analysis would be
more informative; consequently, more insights could be obtained.
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Abstract: The unequal allocation of healthcare resources raises many fundamental problems, one
of which is how to address inequity in population health. This paper focuses on disparities in
public transport healthcare accessibility, with a special focus on an expanding subway system. Based
on a vulnerability index, including factors that are likely to limit healthcare opportunities, a two-
step floating catchment area method was used to assess the distribution of supply and demand for
healthcare. Quantity, quality, and walking distance accessibility were aggregated into hexagonal grids.
The Theil index was used to measure inequity and understand the influence of subways on spatial
disparities in healthcare accessibility. The ongoing construction of the subway has heterogeneous
impacts on healthcare accessibility for different parts of the city and exacerbates spatial inequity
in many areas. In an environment where people in peri-urban areas are excluded from healthcare
access because of low subway coverage, the results suggest that the potential for subways to address
inaccessibility is limited. The findings highlight the requirement of efficient public transport services
and are relevant to researchers, planners, and policymakers aiming to improve accessibility to
healthcare, especially for populations who dwell in winter cities.

Keywords: geospatial health; spatial disparities; accessibility; GIS; subway expansion; public trans-
port network

1. Introduction

Equity matters for every social group because it raises opportunities and supports the
rights that should be available to every individual within a population. If equity among
the population is high, the society benefits overall [1]. However, many public transport
(PT) systems do not provide adequate services for citizens to easily access public resources
or to meet complex travel needs. For example, in many cases, low-income subdistricts are
more heavily dependent on PT [2], and a simple PT system may not provide adequate
access to groups with high service requirements, such as complex journeys [3]. In high
demand regions, inadequate PT may limit access to resources and opportunities, making
them more susceptible to social and economic marginalization [4,5]. Equity has attracted
considerable attention in relation to public resources and urban infrastructure because a
mobility gap often exists between PT availability and population demand. This gap has
brought to prominence two key research topics addressing the spatial equity of public
resources. First, accessibility based on sociodemographic attributes (e.g., age, gender, race,
income), which can highlight inequities in individuals’ access to public resources [6–8];
and secondly, in response to this, analysis of locations through spatial optimization of both
facilities and transport networks [9,10].

Spatial equity analysis focuses on differences in the services used by different regions
or social groups from the perspective of supply and demand; and is, to some extent, an
extension of the concept of accessibility [11]. Therefore, quantifying spatial accessibility is
an important foundation for measuring spatial equity, hence assessing social equity [12,13].
In the field of health and transportation, measuring accessibility plays an important role in
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comprehensively evaluating the equity of service distribution within a region [14,15]. Wee
and Geurs [16] proposed that lack of access to opportunities is the most important indicator
of transport-related inequity. Measures of access include both the availability of an activity
(such as work, education, shopping, healthcare, or recreation) and the ease of access to the
location of the activity from a given origin, usually a residential location. Accessibility is
mainly influenced by two factors: the balance of supply and demand relative to origin and
destination points, and the suitability for purpose of the transportation network. Urban
transportation systems are gradually upgraded, and reconfigured, in response to ongoing
rapid urbanization and increasingly complex distributions of urban functions, service
resources, and diverse people’s demands. Estimates of accessibility depend on the factors
themselves but are also substantially influenced by the choice of accessibility measure.
Four measures are commonly used to evaluate place-based accessibility: gravity-based
accessibility, cumulative opportunity accessibility, utility-based accessibility, and emerg-
ing measures based on real-time individual data [17]. Gravity-based measures utilize
a distance/time decay function to normalize the cost of travel between the origin and
destination. This approach follows the gravity model’s assumption that the interactions
between activities are directly proportional to their size and inversely proportional to the
cost of traveling between them [18]; however, the cost decay is uncertain for every group
or individual [19]. The cumulative opportunity measure assumes that individuals will
utilize the opportunities nearest to them, and more nearby opportunities translate into
more choices for individuals. There is no limit to the capacity of these opportunities [20].
However, people often compete for the same opportunities and, in the case of employment,
one job can only be taken by a single person. Thus, the assumption that more opportunities
will translate to more choices, without considering the potential demand and hence com-
petition for those opportunities, can be misleading [5]. Utility-based measures estimate
the value of opportunities based on the assumption that users/consumers of a transport
system seek to maximize the utility of their behavioral choices. This is a cross-disciplinary
approach utilizing economic, social, land use, and transport data, and is still considered
an emerging method that requires substantial research and development [21,22]. The final
category is real-time-based accessibility measurements. Influenced by temporal geogra-
phy, some scholars have researched spatiotemporal accessibility available to individuals,
which is expected to accord with social reality [4,23]. They focus on the impact of the
scale of public service facilities, transportation mode choices, and real demands on the
equity of access to those facilities [10,24,25]. The above four measures have in common
either distance/time cost or approach opportunities as indicators. However, accessibility
estimation is likely to be influenced by the measurement method, which may limit the
assessed access possibilities through limits to distance or accessibility opportunities. In
general, commuters are usually concerned about commuting time and distance, which can
be measured by gravity-based accessibility. When shopping, consumers are more interested
in the variety of goods, their quality, and their prices than by distance [26,27]. In healthcare
or education, users are sensitive to the quality of public services in addition to the travel
options and costs [28–30]. Therefore, discussing accessibility from a single perspective is
only a partial solution, and a customized measurement method should be developed for
different behavioral activities. Therefore, in this study, we propose measuring accessibility
to healthcare services from diverse perspectives, based on citizens’ concerns and interests,
and the consequences for social equity.

As important public facilities, a reasonable spatial distribution of healthcare services
is influential in people’s livelihood and security. Many studies have demonstrated that
poor access to healthcare services contributes to lower levels of service utilization, which
in turn leads to poorer health outcomes [31–33]. The provision of adequate and equitable
healthcare access across the whole population has become a concern for governments
and societies [34–36]. Public healthcare plays an important role in meeting the health
needs of the population, and seniors especially are considered to be among the most
vulnerable groups in the population [37]. Although the elderly are the main demand
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group for healthcare, their overall health status in China is poor. Nearly 180 million elderly
people suffer from chronic diseases, and the proportion of those suffering from one or
more chronic diseases is as high as 75%. The number of people aged 60 years and over
in the city of Shenyang is estimated to have reached 2.019 million by the end of 2020,
accounting for 26.52% of the total population. Consequently, it is vital for Shenyang to
make provisions for equal access to healthcare services. Especially in winter, large numbers
of people in Shenyang (a designated “winter city”) face difficulties walking outdoors, and
residents rely on PT for daily travel. Based on data from Shenyang’s comprehensive traffic
survey conducted in the downtown area in 2017, 32.8% of all journeys were made by PT.
The rapid development of China’s subway systems has provided a new transportation
alternative to citizens in winter cities and has additionally helped mitigate multiple urban
health and environmental challenges such as congestion, traffic injuries, air pollution,
greenhouse emissions, and noise. Owing to its cost and speed advantages, the subway
has become the preferred mode of transportation for most residents, especially when
individuals seek healthcare alone. While subways have been undergoing revitalization
as one of the country’s primary PT modes, inequity in healthcare services has remained a
major concern for health planners and policymakers.

We propose an approach for measuring healthcare accessibility from the perspective
of subway expansion. We use a vulnerability index and accessibility measures to compare
healthcare access equity and so the influence of subway expansion. For this purpose,
vulnerability factors that are likely to limit healthcare opportunities have been proposed,
including income, recent immigration, population age distribution, and physical conditions.
Based on the obtained population vulnerability and healthcare data, the distribution of the
supply–demand balance of facilities was visualized using a two-step floating catchment
area (2SFCA) method. Furthermore, a comprehensive accessibility measure was used
relating quantity, quality, and walking distance in the context of subway upgrading. Finally,
the Theil index was used to measure the equity of healthcare resources. The proposed
method will provide a more nuanced understanding of spatial disparities in healthcare
accessibility, and the results of this empirical study will offer new insights into the ways in
which variations in PT influence healthcare accessibility. Officials in the fields of public
health and planning can reduce local disparities by designing targeted interventions.

2. Materials and Methods

2.1. Study Area

Shenyang is the capital of Liaoning Province and is an important city in northeastern
China. Our study area (Figure 1) includes the central urban area based on the third
ring road of Shenyang City (Figure 1c), and incorporates nine districts: Heping, Shenhe,
Dadong, Huanggu, Tiexi, Sujiatun, Hunnan, Yuhong, and Shenbei New District, with a
total land area of 12,860 km2. The Hun River runs through central Shenyang from east
to west and divides the central area into two parts. According to demographic data from
the Shenyang Statistics Bureau (2019), the number of permanent residents in Shenyang
was 8.32 million in 2019. However, the populations’ requirements for medical care are
addressed by a relatively small number of general hospitals, with only 181 in Shenyang’s
central urban area. According to Shenyang’s comprehensive traffic survey, which surveyed
the pathways used by residents to access social resources such as healthcare services, the
majority chose to use PT [38]. The PT system is known as the Shenyang Rail Transit, and
included 478 bus lines and four built subway lines at the end of 2020. Its first subway line
commenced operation on 27 September 2010, making it the first in northeastern China. By
April 2020, there were four lines in operation (metro lines 1, 2, 9, and 10) with 92 stations
and 117.06 km of operating distance, covering the central urban area. Subway lines 3 and
4, as well as extensions to lines 1 and 2, are due to be completed by the end of 2025. By
then, Shenyang’s main and sub-cities will be connected by the subway network, promoting
interaction between subdistricts.
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Figure 1. Spatial context of the central urban core of Shenyang: (a) location of Shenyang in China; (b) administrative
boundaries in Shenyang; (c) overview of the study area.

2.2. Data Sources and Preprocessing

Generally, healthcare accessibility at any given location depends on three components:
the capacity of the healthcare services (e.g., the number of physicians or beds), the potential
demand for healthcare services (i.e., population), and transport network performance
(i.e., travel impedance from locations with demand for healthcare services). The data used
in this study consisted of three categories: population-based demand, healthcare services,
and PT data. Population-demand data were extracted from the Shenyang Statistical
Yearbook provided by the Shenyang Bureau of Statistics in 2019 and included data related
to social identities (e.g., recent immigrants), health inequalities (e.g., elderly population and
mortality), and socioeconomic determinants (e.g., tax revenue). Furthermore, healthcare
services data (including geographical locations, hospital rank, and the number of beds)
were mainly collected from an online medical service website called 99 Hospital Library
(https://yyk.99.com.cn/, accessed on 25 December 2019). The hospitals selected in this
study were 181 public general hospitals with high-quality medical services, which are
economical and more advanced medical equipment; these hospitals are more likely to be
included in the social insurance system than private hospitals, specialized hospitals, and
other medical institutions [39]. Considering the limitations of adding large-scale public
hospitals for decades, public hospitals in 2019 were selected to investigate accessibility. In
addition, data on PT connections between various origins and destinations were derived
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from the AutoNavi Open Platform (https://lbs. amap.com, accessed on 10 January 2020)
by implementing Python-based web crawling technology, and were supplemented by
material from the Shenyang Metro website (http://www.symtc.com/, accessed on 15
January 2020). The program used basic information on the 478 bus lines and six subway
lines in the central urban city of Shenyang.

2.3. Methodology
2.3.1. Supply and Demand of Subdistricts for Healthcare Services

The vulnerability index, for healthcare facilities, of every subdistrict was calculated
using weighted factors, which vary by region. As this study focused on accessibility via
PT, the vulnerability index draws on characteristics that increase the likelihood of an indi-
vidual’s demand for PT. Following the study by Boisjoly et al. [40] and the characteristics
of the study area, we selected the following indicators as the relevant variables for the
vulnerability index: (i) tax value (I), (ii) number of elderly (U), (iii) number of immigrants
(M), and (iv) mortality (N). The final vulnerability index is given by Equation (1), where Zx
represents the z-score of the variable X.

V = −ZI + ZU + ZM + ZN (1)

Subsequently, the 2SFCA method was used to analyze the supply and demand of
healthcare services, which is essentially a summation of the service-to-demand rate at
residential locations [41]. The demand–supply ratio Ri is given by Equation (2) as follows:

Ri = ∑
j∈{dj≤d0}

Tj = ∑
j∈{dj≤d0}

Sj

∑k∈{di≤d0} Vk
, d0 = 1.5 km (2)

where V is the vulnerability index at a residential location i that can reach a given service
by PT, j denotes a healthcare service, Sj represents the capacity of each healthcare service
j (number of beds), and di and dj are the shortest walking distance from residential location
i and healthcare service j to a PT station, and d0 denotes a walking threshold that represents
the distance from each residential location or healthcare service to the nearest PT stop.
The application of Equation (2) involves two steps: the first step determines Tj as the
service capacity of each bed, and the second step calculates the summation of the service-
to-demand rate for each subdistrict (Ri). The larger the value, the better the supply relative
to the demand.

2.3.2. Accessibility of Population Residential Location to Healthcare Services

As shown in Figure 2, the OD cost matrix and spatial connection in a geographic
information system (GIS) were used to evaluate spatial accessibility for citizens in Shenyang
to obtain healthcare services that find the best accessibility path from origin to destination
in the transport network [42–44]. The service radius of PT stations is 0.5–1 km, and
walking speed of residents is 4.5–5 km/h [45–48]. Considering the suburb residents and
acceptable distance of 0.5–1.5 km for elderly to PT station in the study area, we used
1.5 km as walking threshold to analyze accessibility using OD cost matrix. Based on
the 1.5 km OD’s search radius, we evaluated accessibility from the perspectives of the
quantity, quality, and walking distance. Quantity accessibility, Av, refers to the number of
healthcare resources that can be accessed by PT from each residential location, which can
be divided into none, low, moderate, and high accessibility at equal intervals. However,
healthcare equality is a relatively comprehensive concept, which should be evaluated by
the number of beds, professional physicians, nurses, and grades; according to China’s
healthcare services standards, healthcare conditions such as beds or professional physicians
partly represent the scale and quality of medical institutions [49,50]. Therefore, the total
number of healthcare beds available to individuals represents the quality accessibility
(Aw), which can be divided into none (0), low (1–100), moderate (100–500), and high (>500)
accessibility based on China’s hospital classification standards. Walking to PT stations
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is the main obstacle for the elderly in using PT services [51]. Hence, walking distance
accessibility, Ax, can be represented as the total walking distance when taking PT from
the origin or destination. Considering the acceptable distance to PT stations and walking
speed, walking distance accessibility can be divided into none (>3 km), low (2.5–3 km),
moderate (1.5–2.5 km), and high (0–1.5 km). The Av, Aw, and Ax are given in Equation (3).

 

Figure 2. Schematic diagram of measurement of spatial accessibility to healthcare services: (a) measure spatial accessibility;
(b) the accessibility of residential location i; (c) aggregate accessibility measure.

Finally, residential location accessibility to hexagonal cells was integrated to minimize
orientation bias from edge effects and clearly identify the differences between grids [52,53].
Through experiments, ideal hexagonal diameter was determined to be 1 km, including an
average of 2.2 residential locations, thereby providing sufficient accuracy to summarize
the results.

Av = ∑
i

f
(
di, dj

)
Aw = ∑

i
Sj f

(
di, dj

)
f
(
di, dj

)
=

{
1 i f di ≤ do, dj ≤ do

0 else

Ax = di + dj d0 = 1.5 km

(3)

2.3.3. Equity Evaluation

To better understand both inter- and intra-regional variations in accessibility, the Theil
index was adopted to identify disparities in equity. This index reflects the relationship
between demand among the population living in the study area and accessibility using
the PT system [54,55]. In general, the degree of relative advantage or disadvantage among
groups in a population can be estimated using the Theil index (T), which ranges from 0 to
1 (Equation (4)). The larger the T, the greater the difference between regions, suggesting
more unbalanced development. According to the equity principle, ideally all citizens in
the subdistricts have equal access to healthcare services. Therefore, the ideal for planners is
to minimize T:

T =
m

∑
j

Vj

Vtot
· Aj

Ag
·ln

(
Aj

Ag

)
(4)

where m is the number of subdistricts and their districts, Vj is the vulnerability index
of group j, Vtot is the sum of the m vulnerability indexes, Aj is the accessibility, and Ag
represents the average of the Aj values in the study area.
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3. Results

3.1. Spatial Distribution Characteristics of Healthcare Supply and Demand

This section presents the results of the subdistrict supply and demand analysis for
the central urban core of Shenyang. Vulnerability indicators were variable across the nine
districts (Table 1). The elderly population ranged from approximately 250 thousand in Tiexi
District to approximately 76 thousand in Hunnan District. The mortality rate also varied
greatly, from 10.34‰ to 6.42‰. Heping District had the highest tax value, followed by
Shenhe District. Interestingly, despite having the lowest tax value and the worst economic
development level, Yuhong District was the most popular migration option. The high
diversity of regions inevitably led to varying needs for PT. Accordingly, this section reviews
the distributions of supply and demand for healthcare services in Shenyang.

Table 1. List of vulnerability factors and vulnerability index in each district.

District
Tax Value
(10,000)

Number of the Elderly
(10,000)

Number of Arrivals
(10,000)

Mortality Rate
(‰)

Vulnerability
Index

Heping 77,092 17.93 2.03 8.33 146.70
Shenhe 67,900 20.31 1.11 9.37 169.10
Dadong 29,083 18.97 0.74 10.34 129.84

Huanggu 27,022 21.72 1.65 8.97 197.85
Tiexi 44,552 25.15 1.74 9.82 269.21

Sujiatun 12,872 11.10 0.36 9.42 19.57
Hunnan 35,597 7.66 2.37 6.42 116.46
Yuhong 8498 10.21 2.25 7.93 90.50
Shenbei 9093 7.83 0.81 9.04 41.37

As shown in Figure 3, there were several subdistricts on the edge of the central core
that have the lowest supply–demand ratio. There are very few healthcare services in these
areas, posing challenges to residents. On the one hand, these districts have the lowest
populations in the region, but their vulnerability index is high relative to their counterparts.
On the other hand, PT stations in these regions are sparsely located; therefore, residents find
it harder to access healthcare services. Of the subdistricts with high vulnerability for social
services, 60.2% showed lower levels of supply and demand despite having considerable
geographical advantages and good PT coverage within the central urban area. Residents
in the central region had a moderate level of supply–demand ratio, while their need was
moderate or low. Finally, subdistricts with a higher supply–demand ratio, including the
group with the highest ratio, were mainly in the northeast of the core area, which has
an intensive transport network. Accordingly, the state of supply and demand was in
disequilibrium in that area, and most subdistricts likely lacked the healthcare resources
to match their needs. Hence, it is important to assess whether upgrading of the subway
system in this area can improve access and equity.

3.2. Accessibility across the Central Urban Area after Introducing Subways

Although the supply and demand analysis provided insights into the distribution of
healthcare sources and PT, it failed to elaborate on how extending subway services affects
accessibility. In this section, quantity, quality, and walking distance are calculated to assess
the spatial distribution of accessibility, and to compare differences following expansion of
the subway.
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Figure 3. Spatial distribution of supply–demand to healthcare services in the main urban area
of Shenyang.

3.2.1. Quantity Accessibility

As shown in Figure 4, quantity accessibility radially decreased with distance from
the city center. However, the highest accessibility was not found in the center, but rather
near the surrounding metro transfer stations. In areas influenced by metro lines 9 and
10, quantity accessibility exhibited (Figure 4b) a dual-core distribution centered on metro
interchanges (metro lines 1 and 9; metro lines 1 and 10). The construction of new subway
extensions is projected to clearly expand the dual-core range (Figure 4c). Zones with
moderate quantity accessibility are scattered across the heartland. With subway extension
the number of metro transfer stations that surround the periphery increases more obviously
in the north (Huanggu and Shenhe Districts) than in the south (Hunnan District). Zones
with low accessibility are mainly located outside the metro core area and are minimally
influenced by the new subway building.

 

Figure 4. Spatial quantity accessibility to healthcare services at different stages of subway system development: (a) accessi-
bility in 2015; (b) accessibility in 2020; (c) accessibility in 2025.

Quantity accessibility changed over time in every district (Figure 5). Residential
locations with high accessibility increased from 13.89% to 32.45% over the study period,
and 94.96% of the area showed improved quantity accessibility caused by changes in the
subway system. As the subway gradually formed a network, the Tiexi District showed
the most notable increase (19.16%) in accessibility. As a result, zones of moderate quantity
accessibility were evenly distributed, except in Sujiatun District, which showed a strong
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change over a decade. The percentage of moderate stage area decreased from 66.64% to
48.08%, and inaccessible zones within each district were reduced by 5.04%.

 
Figure 5. Spatial changes in residential zones with quantity accessibility ranking.

3.2.2. Quality Accessibility

The spatial distribution of quality accessibility (Figure 6) is similar to quantity accessi-
bility, and the healthcare quality available to residents increases as the subway expands.
The healthcare quality in residential areas around metro line 1 is the highest, followed
by successive decreases outside the core. Upgrading of the subway expands the highest-
quality accessibility zones to the north with metro line 3 and west with metro line 10.
Notably, the southern region changes little over the study period, which indicates that
the healthcare quality available to the southern population is inadequate. This outcome is
likely related to the Hun River obstructing subway construction and the concentration of
healthcare services in the heartland.

 

Figure 6. Spatial quality accessibility to healthcare services at different stages of subway system development: (a) accessibil-
ity in 2015; (b) accessibility in 2020; (c) accessibility in 2025.

Quality accessibility occurs in every district following subway upgrades (Figure 7). In
particular, Heping and Shenhe Districts were influenced by metro lines 3 and 4. Because of
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the expanded subway, 6.19% of residential locations improved from low healthcare quality
accessibility. In addition, 19.62% of residential locations experienced an increase in quality
accessibility from moderate to high; most of these locations are in southern Hunnan and
Huanggu Districts and are influenced by metro lines 9 and 10. In the dual-core region, the
high-quality range expanded; specifically, 18.47% of residential locations newly achieved
high-quality access to over the study period.

 

Figure 7. Spatial changes in residential zones with quality accessibility ranking.

3.2.3. Walking Accessibility

As expected, walking accessibility increases dramatically as a result of subway ex-
pansion, and residential locations with high walking accessibility generally occurring on
both sides of the subway lines (Figure 8). Viewed holistically, the high walking accessibility
coverage expanded from the surroundings of metro lines 1 and 2 to the whole enclosed
area of old and new metro lines. The addition of lines 9 and 10 clearly reduce walking
distances in many districts, apart from Shenbei New District. However, most districts
appeared to have been minimally influenced by the construction of lines 3 and 4, although a
substantial reduction in walking distance was observed in Heping District (from 2767.37 m
to 806.05 m).

 

Figure 8. Spatial walking accessibility to healthcare services at different stages of subway system development: (a)
accessibility in 2015; (b) accessibility in 2020; (c) accessibility in 2025.
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Overall, subway extensions increase walking accessibility (Figure 9). Most districts
in the center city become highly walkable, with Dadong and Tiexi Districts showing
increases owing to metro lines 9 and 10, and Heping District influenced by metro lines
3 and 4. However, much of Sujiatun District was beyond the acceptable walking range.
Approximately 31.48% of residential locations showed a rise in high walkability as subway
lines were extended, with 13.89% of residential locations being within the convenient
walking threshold (≤1 km). Residential locations with moderate walkability only increased
by 2.75%; these locations were distributed within the area enclosed by metro lines 1, 3,
9, and 10. Furthermore, 29.19% of residential locations with previously low walkability,
which is far beyond the acceptable walking threshold, had improved walkability.

 
Figure 9. Spatial changes in residential zones with walking accessibility ranking.

3.3. Equity Changes with Subway Line Extensions

While clear regional differences were observed in the temporal and spatial character-
istics of accessibility, it is less easy to estimate equity across subdistricts or districts. The
Theil index shows the degree of inequity within regions, based on the vulnerability index
and accessibility.

3.3.1. Equity between Subdistricts

Although subway services have increased access to healthcare services in Shenyang,
there are two ways in which inequity between regions may change. As shown in Figure 10,
the impacts of subway lines 9 and 10 on equity were mixed; these lines increased the equity
of quantity accessibility in 39 subdistricts, most of which were located in the extreme north
or south of study area (Figure 10a). However, inequity increased for 30 subdistricts in
the urban core. Further changes in equity occurred when the subway lines were further
extended (Figure 10b). Equity between subdistricts clearly improved within the northeast
as a result of extension of subway line 1. In contrast, inequity increased in 50 subdistricts
mostly north of the Hun River. Only 12 subdistricts were not affected by building subways,
mostly on the periphery.
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Figure 10. Variations in equity of accessibility to healthcare services during development of subway system: (a) changes in
equity of access quantity after introduction of metro lines 9 and 10; (b) changes in equity of access quantity after introducing
metro lines 3, 4, and extension lines; (c) changes in equity of access quality after introducing metro lines 9 and 10; (d) changes
in equity of access quality after introducing metro lines 3, 4, and extension lines; (e) changes in equity of walking access
after introducing metro lines 9 and 10; (f) changes in equity of walking access after introducing metro lines 3, 4, and
extension lines.

The influences of subway lines 9 and 10 on equity of access quality were mainly
concentrated within the central strip of Shenyang (Figure 10c). Specifically, subway lines 9
and 10 improved equity within 52 subdistricts, with 15 subdistricts located in the heartland
having the most obvious improvements. However, 29 subdistricts near the east and west
extremes of Shenyang were little influenced by the subway lines in this regard. In addition,
there were 17 scattered subdistricts in which the presence of the subway exacerbated the
gap in access quality suggesting that building subways is capable exaggerating social
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inequity (Figure 10d). There were 19 subdistricts far from the subway, where equity in
access quality did not change, and only 34 subdistricts showed reduced disparity. Notably,
access quality gaps widened within 45 subdistricts largely located in the northwest, which
has a high population density and considerable healthcare needs.

Subway lines 9 and 10 reduced equity among subdistricts in terms of walkability.
However, they had a positive impact on groups to the north of the Hun River, where the
population needs are more diverse than in other areas (Figure 10e). Equity did not change,
with subway lines 9 and 10, for 22 subdistricts located mainly in the suburbs and 11 sub-
districts in the northwest were unaffected by subway building. There were 31 subdistricts
with a large increase in walking distance equity, all of which were near building subways.
The remaining 34 subdistricts, however, experienced aggravated walking disparity, with
the largest gaps being in urban cores well supplied with PT (Figure 10f).

3.3.2. Equity between Districts

As shown in Figure 11a, the addition of metro lines 9 and 10 increased inequity, as
measured by the Theil index, in most districts; the variation was between 0.037 and 0.015
(except for Sujiatun District, which has no subway running through it). Furthermore, the
access quantity to healthcare services in 2025 is expected to be more uneven in Yuhong
District than in 2015, while the Dadong and Sujiatun Districts are the opposite. The
maximum intra-district variation was in Yuhong (0.053), and the district with the least
intra-district variation was Shenhe (0.035), which demonstrates that the addition of the
subway has a minimal impact on quantity equity. The district with the largest inequity
was the Sujiatun District (0.274), followed by Hunnan District (0.219), probably because the
periphery of the urban core is sparsely populated.

Figure 11. Comparison of equity of healthcare services through development of subway system: (a) the Theil index of
quantity; (b) the Theil index of quality; (c) the Theil index of walking distance.

As shown in Figure 11b, metro lines 9 and 10 had a less effect on equity of healthcare
quality (the Theil index declined in most districts). However, building subways can also
increase regional inequalities. The difference between the Shenhe (0.305) and Sujiatun
Districts (0.274) was greatly increased by the addition of the subway. Metro lines 3 and
4 ensured accessibility improvements while also generally narrowing the gap between
vulnerability groups (maximum variation was from 0.305 to 0.135 in Shenhe District).
Conversely, the addition of subway services exacerbated the inequity of healthcare quality
among subdistricts in Hunnan District (the Theil index changed from 0.155 to 0.244).

Finally, the disparity in overall walking access was remarkably greater than that of
the other indexes (the maximum variation was 0.252–Figure 11c). Metro lines 9 and 10
decreased walking inequity in Shenhe District (from 0.451 to 0.409) and Yuhong District
(from 0.210 to 0.238). However, the Theil index in the Dadong and Huanggu Districts
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clearly increased after adding metro lines 9 and 10. In addition, the building subway
lines are likely to increase the inequity between subdistricts, suggesting that increases in
quantity and quality to healthcare is accompanied by a greater walking disparity.

4. Discussion

Improving equity in access to healthcare resources using PT can potentially improve
the well-being of individuals and have implications for the equalization of social resources.
This study considers subway expansion in Shenyang, China as a case study to explore
the ways in which subway extensions can influence accessibility and equity in healthcare
facilities. When people relied on bus lines for access to healthcare resources supply and
demand values in the main urban area were generally low and had a vast range. As the
underground railway was built, differences in supply and demand for healthcare services
were disproportionately influenced by the subway system; these findings are similar to
previous research in the same context [28,56]. However, Shenyang’s centralized urban
structure, in relation to the locations of healthcare facilities, creates an imbalance for low-
income citizens. These conditions are endemic to many cities in China and lead to marked
spatial and social health divides that translate into resource inequity and exclusion for
citizens [39,57,58]. Low accessibility in peri-urban areas is a clear example, with people
in peri-urban areas being excluded from healthcare options owing to the low coverage
of subway lines. Our results suggest that subway expansion, on its own, has limited
potential to address problems of accessibility, and its effect is only important in regions
with dense PT networks. In previous studies, the influences of PT, including subways,
on accessibility were multiple. The expected positive effects of PT on service access have
been observed in many metropolitan areas [59]. Although PT plays a role in areas far from
healthcare services along metro lines and bus routes, in some areas it may not increase
access to healthcare services as much as previously thought [60,61]. Therefore, we analyzed
accessibility to healthcare facilities, as a consequence of subway extension, to investigate
the system’s impact.

Sociodemographic diversity in each region has led to a focus on access to healthcare
services. For example, in areas with a low population density and a long distance from
healthcare services, people are concerned about both the walking distance to healthcare
services as well as quality of the accessible services. With the addition of metro lines 9
and 10, walking distance and quality in Hunnan District clearly improved. In areas with
inadequate healthcare services and unmet population needs, quantity accessibility (limited
choices) is a key problem (Huanggu District). Tiexi and Shenhe Districts, which have large
elderly populations, also have the highest density of healthcare services; however, the
elderly have reduced walking capability. Therefore, the subway system must effectively
improve walking access for areas with large elderly populations.

We suggest that analysis of the influence of a subway on healthcare accessibility should
follow periods of subway extension, as well as focusing on various equities for sociode-
mographic diversity. Regions with unique locational advantages and highly developed
transportation networks generally do not have excessive disparities in access quantity, qual-
ity, or walking distance, and typically have higher overall equalization [49,62]. However,
costs are higher in areas that are far from urban centers and have larger rural populations,
as these areas typically have low economic development levels and are far from hospi-
tals [61,63]. These areas often face extreme inequalities. Therefore, the pursuit of equity in
access quality is the primary requirement for such areas under limited conditions. However,
the subway system has exacerbated the access quantity and quality inequalities in certain
locations, such as Hunnan District, indicating that extension of a subway system does not
necessarily improve social resource equity, including healthcare. The analysis confirms
that, as with road infrastructure, a disproportionate concentration on high accessibility may
lead to spatial inequity in transportation, as suggested by earlier studies. This explains how
equity of opportunity can be influenced by the existence of PT [17,40]. Therefore, bridging
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gaps in healthcare access requires more than just a subway as a mode of transportation,
and PT becomes a non-obvious option to obtain the necessary access to medical assistance.

This study focused on improving the delivery of healthcare services by PT and reduc-
ing disparities; these are two key goals for planners and policymakers. On the one hand,
solutions should address spatial variations in accessibility. Specifically, policies should be
introduced to increase the supply capacity of healthcare services by building additional
hospitals and encouraging the hiring of more doctors and nurses in suburban areas with
high demand. Moreover, planning departments should introduce new PT options in these
areas, as they can lead to shorter travel times for citizens when accessing healthcare services.
On the other hand, targeted suggestions based on specific needs arising from population
diversity should be considered by health authorities. For example, increasing geriatric hos-
pitals in areas with high elderly needs, or new and appropriate hospital departments, may
alleviate the imbalance between supply and demand. Further, planners and policymakers
should be aware of the impact of subway systems on healthcare equity. Awareness of
temporal variations in healthcare accessibility, using diverse measures, during PT system
development gives planners and policymakers greater insight into accessibility issues.
Each location can have a profile of healthcare demand and supply, hence, specific problems
that require specific solutions.

It is important to acknowledge the limitations of this study, which we hope to ad-
dress in the future. First, the mode of transportation used in this study was PT. Despite
Shenyang’s cold climate, citizens can also drive and walk for movement. Thus, the results
may not completely reflect the real healthcare accessibility conditions. All available modes
of travel should be considered. Second, healthcare services and population demand have
changed in a decade, which should be taken into consideration. Finally, the situations in
which healthcare services may be sought was incomplete; we only considered cases in
which people seek healthcare services on their own. Although this is a high proportion
of cases, emergency medical services should also be considered. Enrichment of the anal-
ysis to include other modes of transport and modes of hospitalization is the next step in
future studies.

5. Conclusions

This study comprehensively examined spatial accessibility and equality in healthcare
services in the central region of Shenyang, following an extension of its subway network.
A vulnerability index was calculated to indicate the required conditions for sufficient
access to healthcare services. Citizen accessibility and equity was further assessed in
terms of quantity, quality, and walking distance. These factors were compared over
a period of subway extensions. The results showed that upgrading the subway had
spatially heterogeneous impacts on healthcare accessibility, especially walking accessibility.
Construction of the subway also exacerbated spatial inequity in healthcare accessibility.
There are multiple influences on the equity of proximity to healthcare services. The
issues identified can be largely explained by a lack of healthcare services in the urban
peripheries and by high disequilibrium in the PT network in the inner city. This reflects the
suburbanization of poverty that many cities around the world have been experiencing.
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Abstract: The Penn State Cancer Initiative implemented LionVu 1.0 (Penn State University,
United States) in 2017 as a web-based mapping tool to educate and inform public health professionals
about the cancer burden in Pennsylvania and 28 counties in central Pennsylvania, locally known as
the catchment area. The purpose of its improvement, LionVu 2.0, was to assist investigators answer
person–place–time questions related to cancer and its risk factors by examining several data variables
simultaneously. The primary objective of this study was to conduct a usability assessment of a
prototype of LionVu 2.0 which included area- and point-based data. The assessment was conducted
through an online survey; 10 individuals, most of whom had a masters or doctorate degree, completed
the survey. Although most participants had a favorable view of LionVu 2.0, many had little to no
experience with web mapping. Therefore, it was not surprising to learn that participants wanted
short 10–15-minute training videos to be available with future releases, and a simplified user-interface
that removes advanced functionality. One unexpected finding was the suggestion of using LionVu
2.0 for teaching and grant proposals. The usability study of the prototype of LionVu 2.0 provided
important feedback for its future development.

Keywords: usability assessment; web GIS; cancer; service area; geospatial health

1. Introduction

In 2015, the Penn State Cancer Initiative (PSCI) implemented LionVu 1.0, a web-based mapping
tool (Figure 1). LionVu 1.0 was designed to educate and inform the public health professionals about
the risk of cancer within 28 counties located in central Pennsylvania, locally known as the catchment
area. More specifically, LionVu 1.0 was designed to help answer research questions regarding the
person–place–time nature of epidemiology related to cancer. The original targeted audience for LionVu
1.0 was PSCI health practitioners such as program managers, epidemiologists, and clinicians, but not
the general public. The data sources used in LionVu 1.0 came from the United States Census Bureau,
Pennsylvania Department of Health, and the County Health Rankings.

LionVu 1.0 has received criticism from users within PSCI, including not addressing the needs, i.e.,
of the PSCI catchment area and the lack of help documentation. These issues rendered LionVu 1.0
as unsatisfactory, with the need for revisions. Other criticisms focused on the user interface design,
which permitted only one map to be displayed at a time. This map design was criticized for not using
ColorBrewer 2.0 (Penn State University, United States) color scheme standards, which were developed
to aid in visualization. Another criticism was the lack of comprehensive help documentation and
tutorials for how to navigate through LionVu 1.0.
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Figure 1. Original Design of LionVu 1.0 for population density (per square miles) within Pennsylvania.
The 28 county Catchment Area is outlines in a thick black line.

In response to criticisms of LionVu’s 1.0 user interface, the development of LionVu 2.0 began
in 2020. The criticisms of LionVu 1.0 were used as a framework guiding the redesign of LionVu 2.0,
which included the following issues: mapping Pennsylvania and the catchment area side-by-side,
updating the datasets, and including additional functionality, such as the ability to print. Figure 2
shows a redesigned LionVu 2.0 interface where Pennsylvania and the catchment area are mapped
side-by-side. After exploring various data sources for Pennsylvania, revised data from the United States
Census Bureau, Pennsylvania Department of Health, County Health Rankings, and Medicare were
used. Advanced functionality, such as the ability to print and help documentation (i.e., read me first
section) and color schemes based on ColorBrewer 2.0 were added. Based on the recommendations of
Brewer and Pickle, the quantile classification was used as the default classification, since it had the
most accurate epidemiological mapping applications [1]. Once initial criticisms were addressed in a
prototype, a usability survey was conducted to guide the further development of LionVu 2.0, which is
the focus of this paper.

1.1. Literature Review

The focus of this literature review was to examine research on usability assessment methodologies,
focusing on the health and geospatial disciplines, to help develop the LionVu 2.0 usability assessment.
We searched three databases: PubMed, Web of Science, and Cochrane for usability assessment
methodology articles, using keywords: usability study, user feedback, (GIS) systems design,
prototyping, web mapping, spatial analysis software, cancer, health, ecology, participants as
investigators, usability metrics, and policy makers. Google Scholar’s cited-by function was also
employed to find additional sources published between 2015 and 2020. Seminal work that was
published prior to 2014 was also reviewed.
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Figure 2. LionVu 2.0 used in usability assessment. Left Display: population density (people/km2)
within Pennsylvania. Right display: population density (people/km2) within catchment area. Layer list
was not collapsed in order to clarify what fields were available for selection.

Usability studies in the health field included methodologies such as concordance or consensus
building [2,3], discordance or tension [4], qualitative weight and sum method [5], mixed methods [6],
focus groups [7], or surveys [8]. One of the more relevant investigations was a two-part study that
analyzed existing Missouri printed maps (InstantAtlas) in a web mapping tool, which were developed
by the Missouri Department of Health [9,10]. This usability assessment was conducted during two
time periods with part one being completed by a subset of college students first, followed by a second
usability assessment including a subset of health professionals. The two-part usability studies of
InstantAtlas were designed to evaluate user friendliness and user satisfaction, and test whether the
usability improved by modifying InstantAtlas web maps on an ongoing process comparable to our
development of LionVu 2.0. Based on the results of part one, the InstantAtlas web map was revised
and the new version went through a second usability assessment in part two. A select group of
policymakers and clinicians examined InstantAtlas in part two to determine if the modified maps
improved the usability according to the suggestions of part one. Part two found that the InstantAtlas
web maps were effectively utilized by participants with limited mapping experience. Some additional
suggestions were to simplify the printed maps and improve the help documentation on how to interpret
the information in the web maps.

Geospatial usability assessments are critical for determining the quality of a user’s interaction
with internet-based mapping applications and measuring how accessible web maps are to participants.
One study used eye-tracking to measure how well a mapping prototype, mimics real-life applications,
stressing the importance of a properly designed user interface when completing tasks online [11].
Web maps that went through a usability assessment also need to have responsive web design that works
in all platforms: desktop, mobile, and laptops, while balancing customization of functionalities [12].
In addition to a well-defined user interface, it is also critical for using a survey instrument (i.e., system
usability scale (SUS) and participatory GIS usability scale (PGUS)) to insure that the scale can differentiate
between usable and unusable systems [13,14]. The SUS uses 10 Likert scale-based questions that
are easy to administer with small sample sizes and can effectively differentiate between usable and
unusable systems [13]. The PGUS uses 25 Likert scale-based questions in five domains (i.e., user
interface, spatial interface, learnability, effectiveness, and communication) and seven demographic and
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participants questions [14]. The PGUS was first used in a marine spatial planning group and was more
applicable to geospatial usability assessments than SUS and can better facilitate rapid evaluation for
web mapping projects.

Key components of the usability assessment were an evaluation of completion time, efficiency, and
effectiveness. Measures to evaluate the effectiveness include baseline performance usability metrics
such as satisfaction, efficiency, and effectiveness [15]. Effectiveness is the ratio of task completion to
number of errors. Efficiency is the ratio of task completion to task time in minutes [16]. Although these
studies focused on efficiency and effectiveness there was little to no assessment on learnability, which
was measured as part of the PGUS survey questions.

Based on the results of this literature review, several themes emerged that focused on: (a) having
a well-designed user interface; (b) displaying visually appealing maps; (c) using a usability assessment
scale (i.e., SUS and PGUS); and (d) using a survey with both open-ended and close-ended questions.
When developing the usability assessment, we started with the PGUS survey tool. The PGUS
contains seven sections and roughly 30 questions on demographic characteristics, participant’s
characteristics, and five Likert-scale sections (i.e., user interface, interaction, learnability, effectiveness,
and communication). For our assessment, we adapted a total of 20 PGUS Likert-scale questions from
Ballatore et al. [14]. Specifically, we adapted five PGUS questions on demographic characteristics
(i.e., gender, race, ethnicity, age, and educational attainment) and four on employment characteristics.
One question from each of the five Likert-scale sections was selected to evaluate the user interface,
accessibility of information, how to perform tasks, reliability, and whether the maps are easy to
understand was included as individual tasks. The LionVu 2.0 usability assessment built on these
themes assessed how well the user interface displays visually appealing maps, to an audience with
limited mapping experience.

1.2. Objectives

The primary objective of this study was to conduct a usability assessment of a prototype of LionVu
2.0 using domain expertise related to cancer data. To complete the usability assessment, we developed
50 survey assessment questions, based on the literature review section, including both open- and
close-ended questions. The usability assessment was distributed via REDCap (Research Electronic
Data Capture) survey system. The qualitative survey data was analyzed in two ways: content analysis
and item analysis for evaluating patterns in survey data (i.e., task completion, effectiveness, efficiency,
and time). A discussion of key findings from the usability assessment will be addressed, including
limitations, recommendations, and conclusions.

2. Materials and Methods

After reviewing the various methodological approaches, we decided that a survey was the
preferred method to reach participants from various organizations and geographic areas. We targeted
professionals located in the 28-county catchment area. Since the professionals were spread out in
organizations throughout the 28 counties, the survey had to be conducted asynchronously with
participants being given the opportunity to do the assessment in multiple settings.

2.1. Survey Question Development

The online survey of LionVu 2.0 contained 10 sections: (1.) Demographics Characteristics;
(2.) Employment Characteristics; (3.) United States Cancer Statistics (USCS) Web Map; (4.) Task 1:
Demographics; (5.) Task 2: Cancer; (6.) Task 3: Health Care Facility and Area; (7.) Task 4: Behavioral
Risk and Socioeconomic; (8.) Likert Scale; (9.) Purpose, Data, Help Documentation, and Functionality
Feedback Questions; and (10.) General Feedback. Each had five questions, for a total of 50 questions.
In addition to tallying responses to the 50 questions, time for completion was recorded for each
participant on 10 of the questions. The survey was expected to be completed in 30–45 min. We discuss
the survey question development and REDCap and ethical considerations in separate sections.
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This survey contains 10 sections with 5 questions each totaling 50 questions (Table A1 in
Appendix A). In the demographics section we asked the participants about gender, race, ethnicity,
and highest educational attainment. In the employment characteristics section, we asked the participants
about employment and a self-reported web-mapping proficiency question based on the National
Institutes of Health’s Competencies Proficiency Scale [17]. In the USCS web map section, we asked
the participants five task-specific questions about a Centers for Disease Control and Prevention web
map [18]. The first task-related question prompted the participant about the 5-year time period for
new cancer diagnoses in Pennsylvania based on the USCS web mapping environment. The four
other questions asked the participants about the strengths, limitations, expectations, and capabilities
of the USCS map. The purpose of this section was to orient the user about other web maps that
were outside of our control. The four other task-related sections involve assessing the participant on
specific tasks using the LionVu 2.0. For example, in task 1, we asked the participants to determine
population density and Hispanic population in Luzerne County. In this task, the population density
required the user to select demographic layers from LionVu 2.0′s user interface and to respond to
multiple-choice questions. There were three additional open-ended questions on determining how
the user was able to find the answers and applying the results to the entire state of Pennsylvania and
the catchment area. Other task-related sections asked users to interpret cancer data, to identify health
care providers using point data, and to evaluate the side-by-side functionality. The intent of these
task-related questions was to ensure that LionVu 2.0 was comprehensively reviewed. The Likert Scale
section asked the participant questions based on the five target areas of the PGUS (i.e., user interface,
interaction, learnability, reliability, and communication). The last two sections asked the participant
open-ended questions about the general purpose, help documentation, functionality, and general
feedback questions about areas of improvement about the LionVu 2.0.

2.2. REDCap and Ethical Considerations

We collected survey data for the usability assessment and managed using REDCap, a secure
web application designed to support data capture for research studies. The advantage of REDCap
over other survey systems is that it allows for surveys to be ethically compliant and for participants
to finish where they started. Doing so provides a user-friendly web-based platform to capture and
validate data for quality assurance purposes. The data used for this survey are hosted at the Penn
State Health and College of Medicine data center. The data are protected under the Health Insurance
Portability and Accountability Act of 1996 (HIPAA), which is protected from disclosure without
consent. REDCap gives the investigator the opportunity to download a statistical software and do
more complex analyses [19]. REDCap also allow us to preload a list of emails for invitations to send
to participants asking to complete a survey. Using the REDCap system for this usability assessment
required a review by the Penn State College of Medicine’s institutional review board (IRB) and was
determined to be non-human subjects research (IRB # STUDY00015009).

2.3. Sample Population and Procedures

We initially sought a response rate of 33% from a sample frame of 25 PSCI members and
20 people from the Pennsylvania Department of Health. The initial invitation was sent on 13 May
2020. On 18 May, we sent an invitation to the entire membership of the PSCI cancer control program,
as requested by the director of the PSCI. On 15 June, we closed the survey with 23 responses, 10 of
which completed the entire survey.

2.4. Analyses Performed

We performed a content analysis of participant responses to all open-ended questions that were
reported on the usability assessment. We also performed an item analysis of participant responses
to the closed-ended questions identifying skewness of the demographic characteristics, employee
characteristics, and accuracy measurements for the task related questions. The time intervals of
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completion time were estimated using a web calculator [20]. In addition, we analyzed and reported the
measures of effectiveness and efficiency using the definitions adapted by Gómez Solórzano et al. [16].
Given the small sample size for this survey, there was not enough statistical power to perform complex
analyses, but it did help inform the future directions for developing LionVu 2.0.

3. Results

We sent invitations to the LionVu 2.0 usability survey to 123 individuals; 23 started and 10
completed the survey. The response rate was 19% and completion rate was 43%. The completion
time (geometric mean: 51.41 min; median: 50.5 min; 95% Confidence Interval: 37, 71.5) was over the
30–45 min time estimate, which was adjusted for people who stopped and came back to the survey at a
later time period. The results discussion is organized based on the 10 sections of the survey, with an
additional summary that reported the effectiveness and efficiency of LionVu 2.0.

3.1. Demographic Characteristics

We asked five demographic questions about age, race, ethnicity, gender, and highest educational
attainment. The median age of the subset was 56 years. The self-reported race, which was defined
using the United States Census Bureau’s categories, was 71% White, 19% Asian, and 10% Black.
The self-reported ethnicity, as defined by the United States Census Bureau was 15% Hispanic.
The self-reported gender was 55% female. The highest educational attainment earned was 65%
Doctorate (e.g., PhD, EdD, DrPH), 15% Professional (e.g., MD, DDS, DVM), 15% Masters (e.g., MA,
MS, MEd, MPH), and 5% Bachelors (e.g., BA, BS) degrees.

3.2. Employment Characteristics

We asked the users to identify their work location, type, organization, title, and proficiency of web
mapping. The employment location was 65% Hershey, 20% state college, and 15% Harrisburg; work
type was 70% faculty, 15% manager, 10% clinician, 5% staff; while the organization type was 45% Penn
State College of Medicine, 20% Penn State Health, 20% Penn State University Park, 10% Pennsylvania
Department of Health, and 5% Penn State Harrisburg. Common work titles included: 42% assistant
professor, 31% professor, 7% administer, 5% program director, 5% research project 5% manager, and 5%
physician. The web map proficiency was found to be 45% fundamental awareness (e.g., beginner), 25%
limited experience, 20% intermediate, 10% advanced, and 0% expert. In addition, we had 20 people
who completed the questions in this section, who were grouped based on job title to either academics
or professionals, which were evenly split at 10 for this section. In the following sections there was
non-completion in roughly half of the participants leading to a sample of six academic and four
non-academic professionals by the time the Likert scale questions were asked.

3.3. United States Cancer Statistics (USCS) Web Map

These questions asked participants to visit the USCS web map to determine the 5-year age-adjusted
rate of new cancers in Pennsylvania [18]. The response accuracy to the 5-year rate of new cancers,
was low (13%). This low accuracy was largely due to the poorly designed web map interface which
displayed the 1 year rate by default, while the survey instructions required the participant to click an
obscure radio button to change the map to the 5 year timeframe. Other limitations reported by the
participants were poor data availability (i.e., data were out of date), hard to navigate, and the interface
was not intuitive. On the other hand, reported strengths of the web map from the participants included:
the ability to manipulate data and easy interpretation the web map. To most of the participants the
USCS’s web map met their expectations, but some individuals noted the limited capability to map
data at the state level.
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3.4. Task 1: Population Densities and Hispanic Populations within Luzerne County

In task 1, we asked the participants to use choropleth maps to determine the population density
and color value for Hispanics in Luzerne County (Figure 3). The response showed that 92% answered
the population density question correctly, but only 58% provided the correct color value. This low
accuracy on identifying the color value was due to a contrasting blue background on the legend,
white on the map, and yellow on the survey. In the REDCap survey, participants were given a
multiple-choice answer with various color values and asked to click the answer that best fit the
situation. The wording of the task asking about the color value could have been confusing to the
participants. The intent was to have the participant match the color value on the map to the data class
on the legend. One positive comment was that the visualization of the choropleth maps appeared to
show an increased population density in Philadelphia and Pittsburgh. One negative comment was the
inability to find help documentation (i.e., read me first section).

 

Figure 3. Screenshot of task 1. Left display: Population density (people/km2) within catchment area.
Right Display: Percent Hispanics residing within catchment area. Layer list was not collapsed in order
to clarify what fields were available for selection.

3.5. Task 2: Assessing Cancer Patterns

In task 2, we asked participants to use choropleth maps to determine the mortality and percentage
of colorectal cancer in the Centre County that were diagnosed at a late stage (Figure 4). The participants
answered the two cancer-related questions (92% mortality; 100% late stage percentage) correctly.
This high rate of accuracy was likely because most participants were from the cancer field, which made
them more critical towards the quality of LionVu 2.0. This task was praised for the maps and including
a variety of cancer mortality and stage information for colorectal, breast, and all cancers. However,
the web map was criticized for the lack of data on cancer survivorship and other types of cancer.
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Figure 4. Screenshot of task 2. Left display: Colorectal cancer mortality age—adjusted rate within
catchment area. Right display: Late stage incidence percentage of colorectal cancer within catchment
area. Layer list was not collapsed in order to clarify what fields were available for selection.

One map design issue had to do with the county labeling. The Leaflet JavaScript programming
language prevented the labels from being added directly to the web map. In the LionVu 2.1, labels
were fixed by using the QGIS 3.14 centroid function and then created a tooltip at the centroid to show
the county name. Another issue was the lack of user control over classification methods (i.e., quantile,
natural breaks, etc.) between the Pennsylvania and catchment area maps. One participant asked for
the option to change the color scheme and include the option to export images.

3.6. Task 3: Health Care Facility and Area

In task 3, we asked participants to review choropleth maps to determine the density of endoscopy
providers in Lancaster County. Participants were also asked to examine a dot map and indicate the
number of providers that were not found in Lancaster County. Of the responses, 90% answered the
density of endoscopy question correctly, but only 30% correctly identified Hillside Endoscopy Center
which is found in York County (Figure 5). The reason for the 90% accuracy was that endoscopy density
is not a widely used measure of density, but since it was a choropleth map it was easy to figure out
the density by hovering the mouse over Lancaster County. Whereas the low accuracy of identifying
Hillside Endoscopy Center was because the participant had to hover the mouse over each point and
view the pop-up, which was confusing and hard to identify. In order to rectify this problem, it was
requested to include tabular data, instead of hovering over each point. Part of the technological hurdle
here is that the Leaflet JavaScript does not include tabular outputs, so additional plug-ins are needed,
which will increase the time needed to process and load the map by the browser. We included tabular
data and the option to print the map into the tool. However, the download data were found in the read
me first section (e.g., the location was not evident to the participants), and the print button on the map
was difficult to locate.
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Figure 5. Screen shot of task 3. Left display: Endoscopy density (providers/km2 per 1000 population)
within catchment area. Right display: Health care providers (dots: Gray-Ambulatory Service Centers;
Brown-Federally Qualified Health Centers; Red-Hospitals) within catchment area. Layer list was not
collapsed in order to clarify what fields were available for selection.

3.7. Task 4: Behavioral Risk and Socioeconomics

In task 4, we asked the participants to use the side-by-side displays of choropleth maps to
measure the functionality by comparing two maps of selected characteristics, within Centre and
Luzerne Counties. A hint was provided to the participants to use both displays with the left window
displaying the behavior risk characteristics for the catchment area, while the right window displaying
the socioeconomic characteristics. The first question asked participants about adult obesity % and
poverty percentage in Luzerne County, resulting in 90% accuracy (Figure 6). The second question
asked about mammogram screening and rurality percentages in Centre County, resulting in 80%
accuracy (Figure 7). One reason for the 80–90% accuracy had to do with a participant using the legend
instead of the popup to answer the mammogram and rurality questions. Another concern was the
widespread distribution (0–23%) with the quantile data classification that resulted in Philadelphia
having 0% rurality but being grouped in with the 0–23% group. There is an additional concern about
the description of what selection was being measured, such as what do percentage of screening and
rurality mean as displayed in the web map.

3.8. Likert Scale Questions

We used Likert scale questions to measure the participants on five target areas: user interface,
interaction, learnability, reliability, and communication, with one being strongly disagree and four
being strongly agree, as adapted from the PGUS scale [14]. The median score of the 10 participants
was highest for both learnability (four) and reliability and lowest (three) for the user interface (Table 1).
In addition, the professionals who have job titles other than professor or lecturers tended to rate LionVu
2.0 with a lower score than professors or lecturers did. One major concern with the user interface was
the inclusion of the layer list, which was a checkbox, which allowed multiple choropleth layers to
be selected, making the map difficult to interpret. Another concern was the over-sensitive ability to
zoom in just by clicking the mouse (i.e., zoom by click). There were two general concerns with the
interaction question. Here, participants asked for more help documentation to resolve the situation
when there was a desire to return to the data source. Additionally, the quantile data classification
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method was used for each variable. This led to confusion with the participants who felt that switching
to a Natural Breaks or another classification method would present the data in a different perspective.
Two common concerns with learnability included not having any training videos recorded to aid in
using LionVu 2.0 as part of the help documentation. Two focused concerns with reliability included a
time delay between selecting a layer and labels as well as screen display glitches especially with the
county labels.

 

Figure 6. Screen shot of task 4. Left display: Obesity percentage within catchment area. Right display:
Poverty percentage within catchment area. Layer list was not collapsed in order to clarify what fields
were available for selection.

 

Figure 7. Screen shot of task 4. Left display: Mammogram percentage within catchment area. Right
display: Rural percentage within catchment area. Layer list was not collapsed in order to clarify what
fields were available for selection.
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Table 1. Median score of participatory GIS usability scale responses between academics and
professionals (10 Responses).

User
Interface

Interaction with
the Web Maps

Learnability Reliability Communication

Total (10) 3 3 4 4 3
Professionals (4) 2.5 3 3.5 3.5 3

Academics (6) 3 3.5 4 4 3.5

3.9. Purpose, Data, Help Documentation, and Functionality Feedback Questions

In the next section, we asked participants to provide specific feedback on the purpose of LionVu
2.0, the timeliness and relevancy of the data, the help documentation usefulness, and the overall
functionality. The participants considered the primary purpose of LionVu 2.0 to be: providing a
quick view of local data, mapping preliminary data for grants, performing basic geographic analyses,
visualizing existing data, and using the information for classroom discussion or other teaching
purposes. The participants responded to two questions about the addition of more recent data on
cancer survivorship and cancer types but did not ask to remove any data from LionVu 2.0. Participants
provided comments stating that the help documentation read me first section was mostly ignored prior
to reading this question. Possible ways to improve the presence of the help documentation would be
to make it more persistent on the home page and the need to be comprehensive, and understandable
to the participants. Suggested additional features in LionVu 2.0 include: exporting to an image file,
including tables, putting the layer selection in a dropdown menu, and removing the ability to zoom-in
the map by clicking the mouse.

3.10. General Feedback

In the final section, we asked participants about strengths, limitations, job applicability, and
general comments about both the LionVu 2.0 and the survey instrument. One of the overall strengths
was that participants felt that it was easy to visualize and learn about patterns in the data from the
choropleth maps. Limitations were the user interface (i.e., radio buttons reduced the space of the
displays making it difficult to see on smaller screens), lack of historical data to complete a multiple
year assessment, difficulty in exporting an image from LionVu 2.0, and the collapsible layer list made it
difficult to select and unselect layers. The lack of adequate training for LionVu 2.0 users meant there
is a potential for future growth in this area. Responding to the question about whether LionVu 2.0
provides the tools to complete your job, most of the participants indicated that it did, but added the
potential for teaching and classroom discussion. Other participants responded that it may not be
applicable to their careers, but it was visually appealing and can be a good introduction to how to view
other web maps. There also was a request for the addition of layers of information on county names,
catchment area counties, and the Pennsylvania and catchment area counties found in Appalachia [21],
which were added to the LionVu 2.1 version.

3.11. Usability Comparison

For the usability comparison, we defined an academic as people who have a job title of any type
of professorship or lecturer, and non-professional being people who have any other job title outside of
academia. The median time spent by participants to complete the usability assessment differed among
academics and non-academic professionals. Of the 23 people who started the survey, 10 were from
academia, 10 from professional organizations, and three with missing professional information. Table 2
shows the performance based on the median time in seconds, success rate, and sample size, for total,
professional, and academic subsets. Based on the effectiveness non-academic professionals had a higher
total effectiveness and efficiency than those who work in any academic positions (Tables 3 and 4).
Based on the small sample size of the survey, the times were measured at the beginning of each section,
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so it is possible to analyze participants who did not complete the survey. The data were not normally
distributed, so we report the median times instead of the average times.

Table 2. Performance in median time and success between professionals and academics.

Overall Performance USCS Task 1 Task 2 Task 3 Task 4

Time (s) 340 343 293 618.5 410.5
Success 13% 92% 92% 90% 90%
Sample 15 12 12 10 10

Professionals
Time (s) 402.5 369 266 532 410.5
Success 30% 90% 90% 50% 100%
Sample 7 5 5 4 4

Academics
Time (s) 325 325 320 1,098 428.5
Success 0% 80% 100% 50% 75%
Sample 9 7 7 6 6

USCS-United State Cancer Statistics Web Map Task.

Table 3. Effectiveness between professionals and academics.

Professionals Academics
Task Success (%) Errors Effectiveness (%) Success (%) Errors Effectiveness (%)

USCS 30% 6 5 0% 9 0
1 90% 1 90 80% 2 40
2 90% 1 90 100% 1 100
3 50% 4 12.5 50% 7 7.14
4 100% 1 100 75% 4 18.75

Total 59.5 33.18

USCS-United State Cancer Statistics Web Map Task.

Table 4. Efficiency between professionals and academics.

Professionals Academics
Task Success (%) Time (min) Efficiency (%) Success (%) Time (min) Efficiency (%)

USCS 30% 6.70 4.48 0% 5.42 0
1 90% 6.15 14.63 80% 5.42 14.76
2 90% 4.43 20.31 100% 5.33 18.76
3 50% 8.89 5.62 50% 18.3 2.73
4 100% 6.84 14.61 75% 7.14 10.48

Total 11.93 6.42

USCS-United State Cancer Statistics Web Map Task.

4. Discussion

The original purpose of this usability assessment was to evaluate how successful the LionVu 2.0
was in serving the needs of PSCI health practitioners. In order to develop an effective web mapping
tool for public health purposes, it is important to identify the critical content for facilitating participants’
decision making and to develop the optimal interface for ensuring ease of information access and
usability [22]. Findings of the usability assessment indicated that most people had a favorable view
of LionVu 2.0. While most participants had little to no experience with web mapping, it was not
surprising to learn that participants wanted short 10–15 min training videos to be available with LionVu
2.1. One unexpected finding was the idea that LionVu 2.0 would be useful for teaching purposes and
writing grant proposals. There was also a suggestion to simplify the interface by removing advanced
functionality, which can be done by reducing the number of JavaScript functions thereby decreasing
the time needed for the browser to process loading the maps [23]. Another suggestion was to allow
the end user to change the data classification method (i.e., equal interval, natural breaks, etc.), color
values, based on ColorBrewer 2.0, for the choropleth maps. An ongoing revision plan is to increase the
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participatory design through a mechanism that provides feedback such as a short survey that is linked
to LionVu 2.1′s homepage.

4.1. Limitations

The limitations of this usability assessment impacted generalizability, validity, and reliability of
the findings. First, the response rate of 19% was lower than the goal of 33%, most likely due to the start
of the COVID-19 pandemic, which most likely reduced the response rate. Second, the low completion
rate of 43% was due to the design of the survey with 50 questions that may have overwhelmed the
participants who have busy schedules. This issue was partially mitigated by allowing the participant to
come back later to complete the survey. In hindsight we realized that the survey took longer to complete
than we anticipated, which diminished the response rate. A shorter survey could have provided a
richer set of feedback. Third, while the survey was being administered, the USCS web maps were
updated to newer data and removed the 2012–2016 maps from the website and replaced them with
2013–2017 maps, which had different data values. This issue was mitigated because most participants
completed this portion of the survey prior to the USCS updates. A fourth issue was the large number of
Department of Health employees with inactive email addresses, due to an outdated contact list which
meant that many invited participants never received the formal invitation to participate. This issue
was mitigated by the last-minute addition of 83 community members. Some of the challenges for
effective evaluation of mapping tools include: (a) the lack of methods for testing usability, (b) analyzing
complex workflows, and (c) assessing long-term usage [24]. Therefore, the results are only reflective of
this assessment and cannot be validated or generalized to other evaluations. Despite these limitations,
we believe that by implementing the recommendations in the next section will produce an improved
LionVu 2.1.

4.2. Recommendations

There are seven recommendations to improve the LionVu 2.0 before and after the launch by
December 2020. First, there is a need for developing action items for future programming efforts.
Second, LionVu 2.1 will include functionality to allow the user to select data, method chose a color
schema, modify the legend position, and set the number of data classes, using seven dropdown menus
instead of checkboxes, and the addition of button to download the map as an image file (Figure 8). Third,
the suggestion of using LionVu 2.1 in a classroom setting could be piloted into existing educational
classes, which may expand the user base and offer additional recommendations for functionality not
presently integrated into LionVu 2.0. Fourth, there is a need for moving to a server host that is HIPAA
compliant rather than the Penn State access account storage space server where it presently sits. Fifth,
development of short training videos needs to be completed prior to the anticipated December 2020
launch. Sixth, in LionVu 2.1, we created a separate data class that contained duplicates or rates that are
equal to zero, as shown in the left display in Figure 8. Seventh, there is a need for users to see tabular
outputs of the mapped data, using a jQuery plug-in DataTables, with buttons to export to comma
separate values (.csv) file, adjust page lengths, and change column visibility.

As shown in Figure 8, in the case of years life lost rate, there was a request for five data classes
and natural breaks classification, but the first class had a value of zero, which was assigned a white
color and a duplicate class value, which was removed from the map. Whereas in the right display the
population density value were neither non zeros nor duplicates so the default values of the five classes
were mapped. This ensured that the end-user will not be seeing wide ranges or duplicate class values,
which was a problem with LionVu 2.0. In addition, in LionVu 2.1, we implemented geostat.js and
chroma.js for choropleth maps, which allows the end-user to switch layers of information, classification
method, sequential ColorBrewer 2.0 color palettes, or add/remove/adjust the position of a legend.
The default was set at five classes or bins, orange color palette, quantile method, and bottom-right
legend. However, we did give the user the option to change layers of information; seven classification
methods; 1–20 bins/classes; 18 ColorBrewer 2.0 sequential color palettes; option to reverse color palette
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(i.e., cancer survival uses inverted color palettes) and add, remove, or adjust the position of a legend.
Additionally, in LionVu 2.1 we replaced the checkboxes with toggleable displays, using a leaflet
JavaScript plugin [25], for Appalachian and catchment county overlays, and county names. Lastly,
we also included tabular outputs (i.e., DataTables) below the maps that allow the user to view the data.

 

Figure 8. LionVu 2.1 tool using seven dropdown menus and a button to download maps, while
preserving side-by-side displays. Left display: Years of potential life lost rate within Pennsylvania.
Right display: Population density within catchment area.

5. Conclusions

As noted by Dr. Gerry Rushton in 2003, the future of GIS in public health in the United States will
be the development of specialized disease surveillance systems, clinical practice location will broaden
to geographic areas, and public health personnel will need to be trained in the GIS environment [26].
In 2020 we are now using specialized surveillance systems, clinical sites are using web GIS, and people
are being trained to use the data in web-based platforms. The challenge is that often the products
are internally developed and are limited in substance or only perform specific analyses for a limited
set of variables. As noted previously, the purpose of this usability assessment began with a very
primitive web mapping tool. Unlike previous usability assessments, LionVu 2.0 is being constantly
developed to allow for mapping comparisons for a variety of different variables and locations in each
dataset for Pennsylvania. For example, the County Health Rankings, are published annually where
only a selected number of fields are mapped, even though the datasets have more than 100 variables.
In LionVu 2.1, all 100 variables are loaded to a file and presented on a map for both Pennsylvania and
catchment area, side-by-side. In addition, other datasets used may be specific to a given geographic
area, but the programming can be replicated to a larger area and datasets, potentially increasing the
effectiveness and efficiency of the product. Given the massive amount of data being collected, the hope
of this assessment was to initiate a communication process to demonstrate the potential value of web
GIS and spatial analysis to a wider audience. The question remains; is it relatively unique to display
data side-by-side among cancer centers that provides the ability to view data for various datasets and
geographical characteristics?

LionVu 2.0 fills a niche in the health community by giving a practitioner the ability to visualize and
utilize health data. In the era of big data, there is a need for sharing health data with the public while
preserving privacy. LionVu 2.0 presents health-related data spatially in a way that allows people the
ability to visualize health data for a given area, while utilizing available health data, at various levels of
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aggregations and geographical scales (i.e., state, county, zip code, etc.). LionVu 2.0 aims to bridge the
gap between data availability and utilization by providing a tool for health practitioners to visualize
and utilize health data at the county level, which is small enough to see a difference in a given state,
but large enough to minimize data privacy concerns. With the widespread usage of electronic data with
various geographical scales there is a need for sharing data that can be used to benefit public health to
improve the quality of life. As a result, cancer population researchers are increasingly using geospatial
analysis techniques (i.e., exposure assessment, identify spatial associations, proximity analysis, cluster
detection and descriptive mapping) to visualize these datasets [27]. LionVu 2.0 includes the most
recently available cancer data and includes a wide variety of datasets that can be utilized by anybody
who has online access. Although the focus is just on Pennsylvania and the catchment area, it is possible
to reuse the code for a wider geographical area. The side-by-side functionality also allows the health
practitioner the ability to visualize and compare maps from different layers or datasets. The results
of the assessment show that LionVu 2.0 meets the needs by giving the users the ability to provide
feedback for further improvements to LionVu 2.1. Based on participants’ feedback, the radio buttons
were converted to seven dropdown menus, allowing users to adjust the choropleth map displays.
In addition, we uncovered feedback to address how to best respond to the issues uncovered by this
assessment and ensure that LionVu 2.1 will meet the needs of its health-care professionals and identified
new audiences, such as students.
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Appendix A

Table A1. LionVu 2.0 Usability Survey Questions.

Section Question

A. Demographic Questions:

1. Please provide your current age in years.
2. Please provide your racial identify.
3. Please provide your ethnic identity.
4. Please provide your current gender.
5. What is your highest level of education?

B. Employment Characteristics, Prior to the
COVID-19 Outbreak:

6. Please specify the locations where you were employed, prior to the
COVID-19 outbreak.
7. Please specify employee classifications, prior to the
COVID-19 outbreak.
8. Please specify official job title, prior to the COVID-19 outbreak (i.e.,
Research support technologist).
9. What was your primary organization of employment, prior to the
COVID-19 outbreak (i.e., Penn State, Pennsylvania Department of
Health, etc.)?
10. Please rate your proficiency (e.g., NIH competencies proficiency
scale) with using any web mapping tools.
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Table A1. Cont.

Section Question

C. Web Mapping Comparison to United States
Cancer Statistics:

11. From the rate of new cancers in the United States web map, what was
the age-adjusted rate of new cancers within Pennsylvania, 2012–2016?
12. What are some limitations of the United States web map?
13. What are some strengths of the United States web map?
14. What information do expect to see with the web mapping tools, like
the United States web map?
15. What capabilities of the United States web map are important to you?

D. Task 1: Using LionVu 2.0 prototype,
determine Population Densities and Hispanic
Populations within Luzerne County (hint: use
catchment area: Demographics thematic
layers, legend, and county popups, except
where noted).

16. What is the population density (catchment area: Demographics) of
Luzerne County (person/km2)?
17. What bin or color value is Luzerne County Hispanics (catchment
area: Demographics)?
18. How did you determine the population density and color value?
19. What are your interpretations of population density across
Pennsylvania (Pennsylvania: Demographics)?
20. How could the map interface in LionVu 2.0 be improved to help
illustrate the demographic characteristics across Pennsylvania
(Pennsylvania: Demographics)?

E. Task 2: Using LionVu 2.0 prototype,
determine colorectal cancer mortality and late
stage percentage within Centre County (hint:
use catchment area: Cancer thematic layers,
legend, and county popups, except
where noted).

21. What is the age-adjusted mortality rate (per 100,000 people) of
colorectal cancer (catchment area: Cancer) in Centre County?
22. What is the percentage of late stage colorectal cancer (catchment
area: Cancer) in Centre County?
23. How did you determine the colorectal cancer mortality rate and late
stage percentage?
24. What are your interpretations of colorectal cancer mortality across
Pennsylvania (Pennsylvania: Cancer)?
25. How could the map interface in LionVu 2.0 be improved to help
illustrate the cancer characteristics across Pennsylvania
(Pennsylvania: Cancer)?

F. Task 3: Using LionVu 2.0 prototype,
determine provider characteristics, within
Lancaster County (hint: use catchment area:
Cancer thematic layers, legend, and county
popups, except where noted).

26. What is the density of endoscopy providers (catchment area: Health
care facility and area) within Lancaster County (providers/km2 per
1000 people)?
27. From the catchment area: Health care facility and area layers, what
provider is not found within Lancaster County?
28. How did you determine the selected provider characteristics?
29. How could the map interface in LionVu 2.0 be improved to help
illustrate the health care facilities and area characteristics across
Pennsylvania (Pennsylvania: Health care facilities and area)?
30. What are your interpretations of the density of endoscopy providers
(Pennsylvania: Health care facilities and area—left display) relative to
colorectal cancer mortality rates (Pennsylvania: Cancer—right display)
across Pennsylvania?

G. Task 4: Using LionVu 2.0 prototype,
determine selected characteristics using the
side-by-side functionality, within Centre and
Luzerne Counties (hint: use both catchment
area: Behavioral risks—left display and
catchment area: Socioeconomics—right
display thematic layers and county popups,
except where noted).

31. Using the side-by-side functionality, what is the adult obesity
(catchment area: Behavioral risks—left display) and poverty percentages
(catchment area: Socioeconomics—right display) in Luzerne County?
32. Using the side-by-side functionality, what is the mammogram
screening (catchment area: Behavioral risks—left display) and rurality
percentages (Catchment area: Socioeconomics—right display) in
Centre County?
33. How did you determine the selected behavioral risks and
socioeconomic characteristics?
34. How could the map interface in LionVu 2.0 be improved to help
illustrate the behavioral risk characteristics across Pennsylvania
(Pennsylvania: Behavioral risks)?
35. How could the map interface in LionVu 2.0 be improved to help
illustrate the socioeconomic characteristics across Pennsylvania
(Pennsylvania: Socioeconomics)?

H. Rate on your experience using the LionVu
2.0 Prototype (scale: Strongly
disagree—strongly agree), based on the
participatory GIS usability scale.

36. It is easy to move through different parts of the user interface
(Domain: User interface).
37. I can easily access information displayed in the map (Domain:
Interaction with the web maps).
38. It is easy to remember how to perform tasks (Domain: Learnability).
39. The system is reliable (Domain: Reliability).
40. The maps are easy to understand (Domain: Communication).
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Table A1. Cont.

Section Question

I. Purpose, Data, Documentation, and
Functionality Feedback Questions.

41. What do you see as the primary purpose of the LionVu
2.0 prototype?
42. Please specify, what data would you want to remove from the
LionVu 2.0 prototype?
43. Please specify, what data would you want to add to the LionVu
2.0 prototype?
44. How can the documentation (read me first), in the LionVu 2.0
prototype, be revised and improved for better comprehension?
45. Please elaborate on your thoughts about what kind of functionality
do you consider to be essential for LionVu 2.0.

J. Strengths, Limitations, and
General Comments.

46. Other than data, documentation, and functionality, please provide
some limitations about the LionVu 2.0 prototype.
47. Other than data, documentation, and functionality, please provide
some strengths about the LionVu 2.0 prototype.
48. Please elaborate, whether the LionVu 2.0 Prototype provides you the
tools you need to do your job well.
49. Do you have any other feedback, about the LionVu 2.0 Prototype,
which was not covered in this usability assessment?
50. Do you have any other comments about this questionnaire
or REDCap?
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Abstract: Geographical accessibility to health care services is widely accepted as relevant to improve
population health. However, measuring it is very complex, mainly when applied at administrative
levels that go beyond the small-area level. This is the case in Portugal, where the municipality is
the administrative level that is most appropriate for implementing policies to improve the access
to those services. The aim of this paper is to assess whether inequalities in terms of access to a
hospital in Portugal have improved over the last 20 years. A population-weighted driving time was
applied using the census tract population, the roads network, the reference hospitals’ catchment
area and the municipality boundaries. The results show that municipalities are 25 min away from
the hospital—3 min less than in 1991—and that there is an association with premature mortality,
elderly population and population density. However, disparities between municipalities are still huge.
Municipalities with higher rates of older populations, isolated communities or those located closer to
the border with Spain face harder challenges and require greater attention from local administration.
Since municipalities now have responsibilities for health, it is important they implement interventions
at the local level to tackle disparities impacting access to healthcare.

Keywords: geographical accessibility; local scale; municipality; healthcare services;
spatial planning; decentralization

1. Introduction

Internationally, access to healthcare is one of the primary goals of every country’s government [1–5].
Providing access to quality and essential healthcare services and reducing inequalities within countries
are, in fact, two of the United Nations’ Sustainable Development Goals, set out by world leaders to
promote the eradication of poverty and advance economic, social and environmental development
on a global scale by 2030 [6]. Moreover, the improvement in accessibility is considered a main driver
for smart, sustainable and inclusive growth proposed by the Europe 2020 Strategy and the Territorial
Agenda 2020 [7]. Achieving those goals is fundamental to achieving equity in access to healthcare
because large inequalities can exacerbate disparities in health outcomes and quality of life [3].

Despite this, there is no consensus on how to define access, mainly due to its multidimensional
nature and the vast array of accessibility measures that can be applied [8–10]. The following concepts
were adopted for this paper. Penchansky and Thomas [11] define access as a concept representing
a degree of fit between patients and the health system; Gulzar [12] considers access as the ability of
a population to use health services, whether that ability be affected by access barriers or facilitators.
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According to Joseph and Philips [13], access can be realized or potential. The first approach focuses
on utilization patterns. The latter considers potential barriers to utilization and measures access as
potential utilization.

There is also no agreement regarding the dimensions to define access. Penchansky and
Thomas’ [11] dimensions are accessibility, availability, accommodation, affordability and acceptability.
Availability and accessibility are the two spatial dimensions that together measure the patient’s
geographical accessibility [3,9,14]. Geurs and Wee [15] stated the four major components of accessibility:
(1) land-use, which reflects the location of supply and demand as well as the interactions between
them; (2) transportation, which considers the way an individual covers the distance between the origin
and the destination; (3) temporal, which focus on the availability of opportunities to move through the
day and the time available; (4) individual, regarding the individual characteristics that influence a
person’s access. This paper will focus on the two spatial dimensions from Penchansky and Thomas’
approach and the two first components referred by Geurs and Wee. In this way, the study will consider
the relationship between three factors, their spatial distribution and their characteristics: (a) how far
people live from healthcare services and are willing to travel, (b) how well transport provides links to
the healthcare services, and (c) how long it takes to travel to such services [16–22].

Finally, accessibility measurements are under growing scrutiny. Geurs and Wee [15] categorized
accessibility measures based on three perspectives: (1) infrastructure-based accessibility measures,
used to analyze the performance of the transport infrastructure; (2) activity-based accessibility measures,
used to analyze the range of opportunities with respect to their distribution in space and the travel
barriers between users and services; (3) utility-based accessibility measures, used to analyze the benefits
individuals derive from using the transport system [22]. Guagliardo [14] classifies them into four
categories: (1) provider-to-population ratios that are computed within bordered areas; (2) distance to
nearest provider, measured from a patient’s residence or from a population centre; (3) average distance
to a set of providers that corresponds to a combined measure of accessibility and availability since
travel impedance to all providers are summed and averaged; (4) gravitational models of provider
influence that represent the potential interaction between any population point and all service points
within a reasonable distance.

Geographical accessibility is generally accepted as an important component in evaluating a
population’s overall access to healthcare and is a basic aim to meet the population’s health needs [23–25].
Identifying where the truly underserved populations are located is an essential first step toward
meaningful and effective government intervention programs that can narrow gaps in accessing
healthcare and promote overall population health [3]. Thus, it is widely recognized as an important
spatial barrier to healthcare services [11,26] and, therefore, a significant source of spatial inequality [27]
and a major health determinant to be tackled [28]. Its study is essential for evaluating population
exposure to local environments [29,30]. According to the literature, geographical constraints on access
to services contribute to lower health care utilization, decreased uptake of preventive services and
lower survival rates, which may contribute to poorer health outcomes, particularly for those with lower
incomes [31–37]. It is also associated with poor utilization of specialization units, such as maternity
hospitals, pediatric centers and cancer management institutes, often located in larger cities and not
accessible or visible for people living in socio-economically deprived areas, rural communities and
remote places [38–41]. This is also of significant concern to ageing societies where geographical access is
critical [21,42] and seniors are experiencing more challenges accessing care [43,44]. Thus, a community
that needs to travel large distances from their residence to healthcare facilities experiences greater
difficulty in gaining access [45]. Users become prone to missing the opportunity to detect illnesses at an
early stage, starting treatment at different stages of chronic disease, receiving adequate pharmacological
prescriptions and dosages or participating in screening programs [46]. As a consequence, several studies
found an association between geographical accessibility to healthcare and the type of treatment and
medical intervention [47], the utilization of surgical services [48], cardiac rehabilitation treatment [49]
or maternity hospitals [50], hepatitis C detection [51], survival from a cardiac disease [52–54], stage of
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several cancers at diagnosis [55,56], and access to cancer treatment [57]. Ecological mortality studies
have also revealed that a longer distance to travel to healthcare is significantly associated with higher
mortality from heart attack [43], asthma [58], perinatal death [59,60], prostate and lung cancers [61] and
trauma accidents [62,63]. Therefore, those communities that have poor transportation infrastructures
and a lack of public transportation options, also often suffer from increased disadvantage and poorer
health status, meaning that they require even greater levels of access than those living in well
served areas [64].

Identifying health disparities—in the form of vulnerable territories with poorer geographical access
to health services that can be shaped by policies [65]—can be a key input for local authorities during
the design and implementation of policies [66,67]. Research highlighted that measuring geographical
accessibility enables: (1) to quantify differences in access [35,68]; (2) to identify gaps in service
provision [69–71]; (3) to model optimal facility location [72,73]; (4) to identify inequalities in service
provision [74,75]; (5) to promote evidence-based health policies [76–79]. Hence, measuring geographical
accessibility can be an essential element to support rationing decisions that affect both the process
of urban area development and spatial planning of health resources, and reinforce the need for
interventions that promote and improve the population health of a community [2,8,9,42,75,80–87].
However, geographical accessibility is often misunderstood and inadequately measured on many
studies and local plans [15].

According to the European Commission, Portugal is among the EU countries facing substantial
inequalities in the supply of healthcare services between regions and across urban and rural areas [88].
The OECD also points out the uneven geographical distribution of facilities as one of the biggest
barriers to accessing healthcare [89]. According to the scientific literature, poor geographical access is
affecting the utilization of health services in Portugal and some health outcomes. Santana [90] was
the first author to identify an association between distance and use of Emergency Rooms. Recently,
Vaz et al. [91] identified that a 10% increase in distance to Emergency facilities results in a 10 to
20% decrease in utilization, especially for low-severity demand. Costa et al. [92] identified a 2%
higher risk of dying from an amenable cause of death due to health care services for those living in
municipalities where it takes more than 30 min to reach the closest hospital. Therefore, researchers state
that it is essential to undertake a comprehensive assessment of geographical inequalities in access,
and to ensure that interventions to improve healthcare access are put in practice [93].

Until recently, health policies were only produced by Portugal’s central government, so most
plans focused on the national level and provided evidence at this level. Nonetheless, legislation from
2018 gave the municipalities the power to plan primary care units, and manage some human resources,
services and infrastructure. Moreover, they are now responsible for producing a local health plan
and implementing a health strategy to promote community and healthy living and active ageing [94].
Therefore, it is important to have access to clear evidence on inequalities regarding access to healthcare.
According to Mizen and colleagues [19], geographical accessibility to healthcare services needs to be
accurately assessed and effectively communicated to decision makers so that successful policy and
infrastructure planning can be implemented.

Operationalizing and computing a measurement able to quantify geographical accessibility is
challenging since it depends on a set of four parameters: definition of residential areas, a method of
aggregation, a measure of accessibility and a type of distance [5]. The choice and combination of these
parameters is likely to generate different results or lead to significant errors in measurement [5,17,95–99].

The first parameter relies on the definition of residential area. Selecting the appropriate spatial
unit of analysis is critical for quantifying geographical accessibility [100]. Aggregation errors arise
when, for the purpose of distance calculations, a single point is used to represent a larger spatial unit,
which, in turn, represents an aggregation of spatially distributed individuals, leading to a lack of
precision and estimation errors [83,101]. This may create the problem of ecological fallacy, since the
larger the spatial unit, the higher the error will be [19,98,99]. The census tract unit is often selected due
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to the low number of people, and the availability of detailed socioeconomic, demographic and housing
data, as well as their relative homogeneity [95].

The second focuses on the aggregation method applied. It is important to apply an aggregation
method so as to limit errors in the measurement of potential spatial access of larger areas, such as
parishes and municipalities [100]. Due to the differences between residential areas, it is inappropriate
to ignore who is living there since it introduces ecological fallacy [19]. Therefore, it is important to
weigh spatial access based on their number and distribution in the territory [66]. Studies generally
choose to consider the number of inhabitants in each residential area [29,66].

The third parameter considers the way geographic accessibility between the residential area
and the public service is measured. According to the literature, the five most commonly used
measures are: (1) the distance/time to the service [102]; (2) the number of services within n
meters or minutes [101]; (3) the mean distance/time to the n closest services [30]; (4) the gravity
model [103,104]; (5) the two-step floating catchment area methods and those derived from
them [18,20,21,24,85,103,105–108]. Among these, the last two are relatively popular methods for
measuring spatial equity [18,82,109]. Still, the most often used method is clearly the distance/time to
the closest service, which allows for evaluating geographical access to the healthcare services [27,100].

Finally, the fourth parameter deals with the type of distance, defined as the degree
to which two places on the same surface are connected [15]. There are several types of
distance that can be implemented [19]. Crow-fly with straight line distance is used in many
studies for determining healthcare services catchment areas or for estimating rates of population
served [8,18,101]. Public authorities generally use it as a decision tool [74] despite some doubts as to
its reliability [101,110,111]. Additionally, very popular among researchers, network-based distance is
measured under a network made of lines and nodes computing the length of the shortest path along
the transport network, representing the real network system taken by the population to move between
locations [8]. Therefore, it is more accurate and realistic [19,82] than the previous option, mainly in
regions where roads exhibit high degrees of sinuosity and topographical barriers [5,100,101].

Besides those four parameters mentioned in the literature, a fifth one must be considered in
accessibility studies aiming to support decision-making: the outcome of the measurement. The unit can
be different according to those parameters, influencing the way results are interpreted. According to
previous studies, displaying results in units of analysis that are meaningful to decision-making will
increase the likelihood that such results will be embedded in policy [15,77,112,113]. Most studies on
geographical accessibility present measurements of distances in kilometers [29,66], time in minutes [114]
or scores represented in quintiles [105,106]. Distance metrics offer awareness of geographical access
regardless of the transportation mode being used. Still, it does not consider the speed or physical
barriers, such as intersections that influence the time to reach healthcare. Time measurement considers
both, does not require previous assumptions and it is easily communicated to decision-makers.
However, it considers that all the healthcare services are equal. Scores allow for overcoming the
aforementioned negative aspects, although they cannot be easily interpreted and require comparison
to be understood.

Following the best approaches for each parameter, the population-weighted driving time indicator
is considered an adequate choice for measuring geographical accessibility because it allows for
overcoming the unrealistic equal access assumption and potential edge effects of the container-based
approach, and also uses an intuitive form of a distance-base measure [29], avoiding the modifiable unit
area problem [115]. This indicator accounts for the average time between population in a residential
area (e.g., census tract) and the healthcare service by considering the shortest distance between them
and the share of population within a larger area (e.g., municipality) [66]. This flexibility makes it
applicable to individual persons or households, as well as for a geographic area [29]. Previous studies
have applied this method to assess access to hospitals [66,111], alcohol sales [29], parks [116] and
supermarkets [30]. It was applied to studies at local [30] and national levels [29,66,111,116].
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The aim of this paper is to draw on population-weighted driving time to better assess whether
there are disparities in geographical access to the reference hospital in Portugal, how it has changed in
the past 20 years (1991–2011) and what influenced that change.

Due to the recent decentralization of power from the health sector to the local administration, this is
an important policy issue. For this reason, the geographical accessibility of Portuguese municipalities
was investigated with the aim of developing policy recommendations regarding which interventions
can be implemented to reduce the impact on health disparities.

2. Materials and Methods

2.1. Geographical Scales

Studying geographical accessibility to healthcare in Portugal requires two geographical levels to
be considered: the lowest level with population data and the adequate administrative level able to
implement changes.

The census tract is the minimal unit of census geographic hierarchy in Portugal. By using the
population at its smallest level, the geographic aggregation error is minimized [117]. In addition,
census tract-based spatial access metrics provide the flexibility to aggregate the metrics to any higher
geographic level that can be linked to geocoded individual or aggregated health outcomes [29].

Although the small-area level is adequate to capture the right level of areal differentiation [77,118],
the municipality administrative level is the most appropriate to present a geographical accessibility
measurement for Portugal. Four important points justify this choice: (1) it is considered the
geographical level that better fits ecological studies in Portugal, based on national registries, such as
mortality [99,119–121]; (2) hospitals had a catchment population area based on municipalities (except for
main urban areas where delimitation is based on parishes) until 2015 [122]; (3) it is the lowest meaningful
administrative level with an elected government with capacity to implement policies and interventions
that may impact population health [23,123]; (4) recently, municipalities became responsible for a set
of tasks and decisions that were previously taken centrally by the Health Ministry, as well as for the
production of a local health plan.

2.2. Method: The Population-Weighted Driving Time Indicator

Population-weighted driving time was the indicator selected to measure the potential geographical
accessibility from municipalities to the hospital’s catchment area in Portugal in three periods
(1991, 2001 and 2011).

This metric is a matter of calculating the accessibility measures on the level of the census tracts
and then computing the average time weighted by the population within the municipality.

The process to compute this indicator is straightforward, comprising three steps: (1) computing
the travelling time using a private car from the centroid of each small-area level (census tract) to
the reference hospital; (2) weighting the time needed for the population living in each small area;
(3) aggregating the travel time in order to identify the weighted average travel time of a municipality.
These steps can be translated into a formula. By taking a small-area i from municipality j:

time j =
n∑

i=1

⎛⎜⎜⎜⎜⎜⎝ Ti × Pi∑n
j=1(Ti × Pi)

× Ti

⎞⎟⎟⎟⎟⎟⎠ (1)

where Pi is the population living in the small area and Ti is the time (in minutes) needed to reach
the hospital. The outcome is measured in minutes, revealing the time that the population from a
municipality would need to reach the hospital through private car utilization. Figure 1 presents the
workflow implemented, namely the data and the functions, with ArcGIS 10.5 being used.
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Figure 1. Workflow implemented to build the population-weighted driving time indicator.

80



ISPRS Int. J. Geo-Inf. 2020, 9, 567

2.3. Geographical Data

To build the population-weighted driving time metric, cartographic information was required
for (1) the distribution of the population at the small-area level (census tract); (2) the road network,
with information about speed limits and general driving conventions (e.g., intersections, traffic lights);
(3) the location of the hospital and its catchment area; (4) the boundaries of the municipalities.

The population data by census tract was provided by Statistics Portugal who collect this information
through the Census Survey every ten years. The indicator used for this study was the number of
permanent residents in the housing unit by census tract in 1991, 2001 and 2011. The quality of the data
from the census (population and housing censuses) for 1991, 2001 and 2011 was guaranteed by the
international standard that is applied by Statistics Portugal. The 1991 Census initiated the automatic
coding of alphabetic expressions; the 2001 census has already made use of the optical questionnaire
reading process and the 2011 census introduced the modernization of data collection processes, via the
internet response (it was called e-Censuses). The 2011 census followed the regulation of the European
Union (regulation EC 763/2008 of the European Parliament and of the European Council, of 9 July
2008; complementary regulations rEG (EC) No. 1201/2009, rEG (EC) No. 1151/2010 and rEG (CE)
No. 519/2010). These regulations introduced standards for all Member States, namely the smallest data
unit and the census moment. In this investigation, the census tract was used as the smallest data unit.
According to Statistics Portugal, the Census data collection corresponds to 97.5% of the Portuguese
population in 2011. In 2001, the coverage rates were higher (98.6%) as well as in 1991 (99.6%).

The roads and urban streets data was provided by ESRI Portugal, in the form of vector digital
data (Geospatial Data Presentation Form). The data are the TeleAtlas Multinet shapefiles produced
by TeleAtlas (now TomTom) as it is widely used in the market, particularly in the navigation sector.
This road database not only includes extensive, current and accurate geographical data, but it also
includes additional information, such as the legal speed limit, turn-by-turn instructions, street signs,
intersections and other transit directions. These data guarantee quality at all levels: attribute accuracy
(address attributes pre-standardized based on ESRI Portugal), logical consistency (shapefile),
completeness (compared to official Portuguese sources) and positional accuracy (map accuracy
standards for 1:100,000-scale maps). According to the company, the positional accuracy of the data is
up to one meter. These data were for the year 2011. The 2011 data served as reference to retrospectively
build the 2001 and 1991 road network. Due to a lack of data for the previous years, the National Road
Plan from 1985, old road maps and historical data from technical reports regarding the opening of
highway sections were used to backdate these data from 2011 to 2001 and 1991.

The location of the hospitals and their catchment areas were provided by the Central Administration
of the Health System, which manages the public hospitals and defines the catchment population
area of each hospital. Since the National Health Service (NHS) was created in 1979, the country has
been served by a network of public hospitals with access based on the pre-defined catchment area
of each hospital and, until 2015, a strong gate-keeping system [44,122,124]. Hospitals are classified
into a three-level administrative hierarchy that reflects differences in scale and scope [125]. Group I
comprise local hospitals with a catchment area of 75,000 to 500,000 inhabitants, providing some medical
and surgical specialties. Within group I there are some hospitals that are managed by charity trusts.
These so-called “social hospitals”, have agreements with the NHS and they provide healthcare to
users of the system in the same way as public hospitals. Group II comprises district hospitals that
provide the group I specialties in their own catchment area and also provide other specialties to some
group I hospitals located nearby. Group III comprises central hospitals that provide all medical and
surgical specialties in both the direct and indirect catchment areas from groups I and II hospitals
located nearby [126]. Therefore, district and central hospitals “accumulate” specialties according to
their level, and human resources and beds are allocated to the hospital and not to the different levels.
The group I hospitals were considered for this study because they only provide healthcare to those
living in their catchment area.
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The boundaries of the municipalities were produced by the Directorate General for the Territory,
which is responsible for producing accurate information regarding the administrative boundaries of
the administrative levels and providing their official delimitation.

3. Results

Through the census years, there was an increase in the number of census tracts and, simultaneously,
a decrease in the average population (Table 1). In 2011 there were more than 200,000 census tracts with
an average area of 300 square meters and 43 inhabitants.

Table 1. Descriptive statistics of the census tracts and municipalities.

1991 2001 2011

Smallest level:
Census tracts

Number of census tracts 91,615 149,603 232,625

Area
(km2) *

average 0.9 0.5 0.3

min–max 0.1–227 0.1–227 0.1–164

Population (n◦)
average 102 65 43

min–max 1–2585 1–1699 1–1742

Lower
Administrative

level:
Municipalities

Number of
census tracts

average 370 612 837

min–max 50–3700 74–5346 82–4099

Area
(km2)

average 324 320 230

min–max 8–1721 8–1720 7–1685

Population (n◦)
average 34,094 35,501 36,143

min–max 2052–663,394 1924–564,657 1834–547,733

* Only considering census tracts with population.

The time to reach the reference hospital, measured for each census tract, was aggregated to the
municipalities from Continental Portugal in order to identify the population-weighted driving time to
the reference hospital.

Since the area of the municipalities is large (average: 230 km2), the first step was to analyze the
internal range of values between the closest and the furthest census tract within the municipality to
the reference hospital. According to Figure 2, there is still a huge range in travel time. On average,
the travel time range is 22 min; 9.1% of the population lives in municipalities with an internal travel
time range to the reference hospital longer than 30 min. In 1991, it was slightly higher (23 min)
and the share of the population living in municipalities with a travel time longer than 30 min was
higher (10.6%).

According to Figure 3, inequalities between the Eastern and Western areas are evident.
The population-weighted access pattern follows the population distribution, with the municipalities
closer to Atlantic Ocean from North, Centre and the Greater Lisbon Region presenting very good
geographic accessibility. Outside this area there are also some pockets with very good accessibility in
the regions’ capitals. However, due to the greater distance between hospitals, there are 79 municipalities
whose population-weighted driving time is more than 30 min. The municipalities closer to the border
with Spain are those with the worst accessibility. This was already visible in 1991 and 2001. In 2011,
municipalities were, on average, within a 25-min journey to the hospital, accounting for 92.8% of
the population living in municipalities with population-weighted driving time lower than 30 min
(9,320,793 inhabitants). In 1991 the average population-weighted driving time to the hospital was
28 min.
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Figure 2. Difference between the maximum and minimum time required by the census tracts within
each municipality to reach the hospital in 1991 and 2011.

Figure 3. Population-weighted driving time to the reference hospital in Portugal by municipality in
1991, 2001 and 2011. Note: The population-weighted driving time to the reference hospital, by year
and municipality, is available here: saudemunicipio.uc.pt.

Comparing 1991 and 2011, almost all municipalities improved accessibility to the hospital within
the period of analysis (Figure 4). On average, population-weighted driving time for 2011 is 3 min lower
when compared to 1991, corresponding to an average gain of 10% in population-weighted driving
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time to the hospital. At present, residents of some municipalities need half the time they needed in
1991 to reach the hospital and, for others, the time decreased by more than 20 min. However, the Gini
Coefficient reveals that spatial inequalities are still persistent: in 1991, the Gini Coefficient was 0.335
and in 2011, 0.326.

Figure 4. Differences in minutes between 1991 and 2011 of the Population-weighted driving time to the
reference hospital by municipality.

Due to the chance that the reference hospital might not be the closest one, it was important
to apply the same methodology without considering the catchment areas. Figure 5 reveals that,
for most municipalities, there is no significative difference between the population-weighted time
to the reference hospital when compared to the closest hospital. However, in 1991 there were four
municipalities where the population-weighed driving time to the closest hospital was 30 min or
more lower than the population weighted driving time to the reference hospital. In 2011 only one
municipality remains in this category, located in the center of the Centro Region.

Figure 6 reveals the relevance of three different factors on the verified evolution of geographical
accessibility: changes to the hospital reference catchment area, improvement of the road network
and demographic changes to population concentration. Most municipalities were influenced by all
three factors: 31.8% of the population live in municipalities where the reference hospital changed,
the road network improved, and the external and internal changes of the population were considerable.
Only 5% of the 2011 population does not live in a municipality affected by at least one factor. These are
mostly located in inland Alentejo and the Centro Region. When looking at each factor individually, it is
evident that most people live in municipalities where significant changes to demographic distribution
occurred (72.2%), followed by populations living in municipalities where a highway was built (62.4%),
and 61.7% of the population live in municipalities where the reference hospital was not the same
throughout the study period.

84



ISPRS Int. J. Geo-Inf. 2020, 9, 567

 

Figure 5. Difference in the population weighted driving time by municipality in 1991 and 2011 when
considering the reference hospital and the closest hospital.

Figure 6. Impact of each factor on the change in population-weighted driving time to the reference
hospital by municipality between 1991 and 2011: (a) reference hospital (municipality where the reference
hospital changed); (b) road network (municipality where a road with a legal speed limit equal or higher
to 100 km/h was built); (c) population (municipality where there was a 10% increase/decrease in the
share of population living on predominantly urban parishes).
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According to Table 2, in 1991, 16% of the population was living in municipalities where the
population-weighted driving time to the hospital was more than 30 min. In 2011 that rate was
7%; a decrease of more than half. The biggest improvement was for those living in municipalities
with a population-weighted driving time between 40 and 50 min. Notice that, in 1991, there were
municipalities whose population-weighted driving time to reach the hospital was more than 90 min,
a situation that does not presently occur.

Table 2. Change in population between 1991 and 2011 interval of population-weighted driving time to
the hospital and population by interval in each year.

2011 Pop. (1991)

≤10 11–20 21–30 31–40 41–50 51–60 61–70 ≥71 N %

1991

≤10 90% 10% - - - - - - 3,950,420 39.1%

11–20 12% 88% - - - - - - 3,522,533 34.9%

21–30 2% 26% 72% - - - - - 1,008,268 10.0%

31–40 - 3% 47% 50% - - - - 470,573 4.7%

41–50 - 5% 6% 56% 33% - - - 854,226 8.5%

51–60 - - - 14% 35% 50% - - 129,093 1.3%

61–70 - - 6% - 21% 26% 48% - 105,546 1.0%

71–80 - - - - 68% - - 32% 17,985 0.2%

81–90 - - - - - 100% - - 37,963 0.4%

≥91 - - - - - - - 100% 4914 0.1%

Pop.
(2011)

N 4,047,471 4,260,054 1,013,268 398,171 165,120 111,924 43,352 8261

% 40.3% 42.4% 10.1% 4.0% 1.6% 1.1% 0.4% 0.1%

Note: The percentage within the 1991–2011 matrix takes into account the number of people within one time-interval
in 1991.

Table 3 reveals that there is a statistical association between the population-weighted driving
time and some demographic characteristics: municipalities with bad geographical accessibility to the
reference hospital have higher share of elderly population, high rates of premature mortality and lower
population density.

Table 3. Association between municipality population-weighted driving time to the reference hospital
and characteristics of the municipality.

Variable Year R2 Coefficient
(95%CI)

p-Value

Population aged 65 or more (%)
2011 0.41 0.29 [0.25–0.33] <0.01

1991 0.33 1.02 [0.84–1.18] <0.01

Population density (n◦/km2)
2011 0.12 −0.005

[−0.007–−0.004] <0.01

1991 0.09 −0.005
[−0.007–−0.004] <0.01

Premature mortality per 100,000 inhabitants
2011 0.21 0.14 [0.10–0.17] <0.01

1991 0.12 0.13 [0.17–0.09] <0.01

Note: p-value below 0.01 provides evidence that the association is statistically significant.

Figure 7 exhibits that longer travel time is associated with higher share of elderly people. Table 3
reveals that even a one-minute increase in the population-weighted driving time is associated with
an increase of 0.3% in the share of the elderly population. This was already visible in 1991 but the
association was not so high. Almost all the municipalities with higher rates of elderly population are
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located outside of the littoral border, between Porto, Lisbon and Algarve, and are mostly those closer
to the border with Spain.

Figure 7. Share of elderly population (y-axis), population-weighted driving time to the reference
hospital (x-axis) and population density (area) by municipality in 1991 and 2011.

Additionally, in Figure 7, it is visible that there is a negative association between population
density and time to the reference hospital: the higher the time to reach the reference hospital, the smaller
the population density is. As expected, hospitals are mainly located in the most densely populated
municipalities and where the share of the elderly population is lower.

The population-weighted driving time to the reference hospital also reveals an association with
premature mortality, providing the evidence that areas with a high share of deaths, before the age
of 75, might have low levels of geographical accessibility. Results show that a one-minute increase
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in population-weighted driving time is associated with an increase of 0.14% in premature mortality.
In 1991 the association was a fraction lower. The municipalities with higher rates of premature mortality
are mostly located closer to the border with Spain and on the central axis that crosses Portugal from
North to South.

Most of the municipalities reveal more than one of these demographic characteristics. According
to Figure 8, all the municipalities where the population-weighted driving time is higher than 30 min,
also have an elderly population which is above the Portuguese average, and/or above average premature
mortality. In addition, some municipalities are negatively impacted by their proximity to the border
with Spain. Major issues are found in the municipalities closer to the border between the Alentejo and
Algarve regions; the central axis that crosses the country North to South in the middle; the Foz Côa
Valley; and the municipalities closer to the Spanish border.

Figure 8. Municipalities with geographical accessibility issues regarding the demographic characteristics
analyzed, 2011.

4. Discussion

4.1. Geographical Accessibility to the Reference Hospital in Portugal

The aim of this paper was to assess whether there are disparities in access to a hospital in Portugal
and how this has changed in the last 20 years (1991–2011). The results show that geographical
accessibility to the reference hospital improved over the years. However, disparities are still visible
between municipalities, with ageing and border communities remaining vulnerable and requiring
more attention.

Geographical access to the reference hospital mostly improved over time in Portugal with an
average gain of 10% in population-weighted driving time. The biggest improvement has been for those
living in municipalities with population-weighted driving time between 40 and 50 min and higher
than 70 min. In 2011, almost half of the population lives in municipalities with a population-weighted
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driving time to the hospital lower than 10 min (40%) and 93% lives in municipalities with a travel time
lower than 30 min, revealing very good geographical access. On average, municipalities present a
population-weighted driving time of 25 min in 2011—3 min less than 20 years ago. Still, there are
clearly two distinct realities in Portugal: Western Portugal between the two metropolitan areas, with a
high level of accessibility, and the remaining country, with low level of accessibility, with the exception
for the district capital regions.

Other authors identified the good levels of access to hospital care and also this dichotomy of
the Portuguese territory [27,106,127–129]. However, the levels of accessibility differ among them due
to different methods applied. By considering the year 2011 and the measurement of geographical
accessibility to the closest hospital, Perista [93] stated that over 90% of the population is deemed to live
within a radius of 15 min travel by road; Polzin and colleagues [106] found that 92% of the Portuguese
population has good geographical accessibility; Lopes and colleagues [130] concluded that they are
98% of the population; Sá Marques and colleagues quantified 99% of the population requiring until
half an hour to reach the hospital.

Several factors influence the decrease in the population-weighted driving time to the reference
hospital and the improvement of geographical accessibility between 1991 and 2011, namely (1) the
extension of the road network; (2) changes to the hospital distribution and catchment area;
(3) demographic changes in population distribution.

First, the significant expansion of the Portuguese road network contributed to a major decrease in
distances between main cities located in the littoral and inland areas [131,132]. Between 1991 and 2011
the dimension of the road network with a speed-limit higher than 100 km/h increased from 1358 km
to 5045 km. This threefold increase in the road network was one of the main goals of public policies
supported by the European Commission and the Portuguese Government [27]. More than half of the
population benefited directly from this improvement with the construction of highways. Nonetheless,
there is a concentration of these roads along the littoral, linking the metropolitan areas, and West–East
highways, built to facilitate the connection between the littoral and Spain.

Second, the distribution of hospitals in Portugal did not have major changes: two new hospitals
were built between 1991 and 2011 in both metropolitan areas and in places where existing hospitals
did not have enough capacity to address the population health’ needs. Over time, preference was
given to the reconstruction and construction of hospitals on the outskirts of the cities to replace the
previous ones [133]. Still, almost 62% of the population lives in municipalities where the reference
hospital changed over time. In 1999, hospitals started organizing into hospital centers with two to
four small hospitals located in neighborhood municipalities [122,123]. This reorganization aimed to
address the geographical disparities [93] and it was able to improve accessibility, especially from those
communities on the outskirts of the municipalities that were closer to another hospital. However,
in 2011 there were municipalities that were not assigned to the closest hospital and the difference in the
population-weighted driving time was significatively high (more than 15 min). These municipalities
are closer to small social hospitals that do not have enough human and technological resources to
provide healthcare for people outside their catchment area.

Finally, the demographic changes between regions (from inland to littoral) and within
municipalities (from rural to urban) is partially responsible for changes in population mobility,
affecting almost three quarters of the population. The population living in inland municipalities
decreased (some by more than 10%), in opposition to the municipalities along the littoral [134] where
most hospitals are concentrated. Additionally, within most municipalities, the population is leaving the
rural areas and becoming concentrated in cities and villages—namely young adults. Note that, in 1991,
less than a half of the population was living in urban settlements with more than 2000 inhabitants (48%).
In 2011, 61% of the population was living in urban settlements [135]. Nonetheless, although population
living in urban areas is increasing in Portugal, the share of the population living in rural areas is
still high compared to other European Countries, and more than half lives in remote areas [136].
Therefore, Portugal remains a polarized country whose littoral is characterized by high accessibility,
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urban development and higher population density, in contrast with the municipalities located inland,
revealing low-density and increasingly vulnerability to depopulation and ageing. Notice that the
population that lives in inland municipalities from the Norte (North) and Centro (Central) Regions
face challenges due to the sharp hilly terrain and those from Alentejo and Algarve face issues with the
low density of the road network.

4.2. Municipalities Requiring Higher Attention

Geographical access models have enormous potential for informing local decision-makers on
how to achieve social equity on hospital accessibility [111]. They offer critical information suitable for
planning and service provision as it allows for the identification of areas with lower (or higher) access
to healthcare resources, the assessment of spatial and social inequalities in access, and the identification
of underserved populations [18,95,111].

Focusing on the results of the population-weighted driving time results, this study highlights
the less empowered municipalities facing barriers to access and requiring intervention to improve
geographical access to a hospital: municipalities (1) with a population-weighted driving time exceeding
30 min to reach healthcare services; (2) closer the border; (3) with a high rate of older population;
(4) with a higher rate of premature mortality.

First, our results stress that 7.2% of the population live in municipalities whose
population-weighted driving time is higher than 30 min and more than 50 thousand inhabitants live in
municipalities with an average driving time higher than 60 min. Those communities are located in
municipalities that are mainly rural, inland and from the Alentejo region where population density is
lower and distances between communities are longer as the road network is not so developed.

Second, the municipalities closer to the Spanish border have the worst accessibility, as also stated
by other authors [27]. Border regions are often seen as poorly connected, and with reduced accessibility,
relative to the central regions [137,138]. The lack of accessible health services is one of the major issues
explaining the depopulation process in these areas [128].

Third, access to hospitals is particularly relevant for the elderly population with limited mobility
and revenue. However, higher rates of elderly people are found in municipalities with worse access to
hospitals; namely those living on the north–south central axis that crosses Portugal. As previously
noted, this is due to the demographic changes occurring in Portugal. Younger populations often present
higher mobility than older ones, mainly due to the former’s search for employment. The metropolitan
areas, as well as the municipalities on the littoral, are those attracting younger people. Thus,
some municipalities are simultaneously presenting both a loss of younger people and an ageing
population. Previous studies have already identified this phenomenon: regions with the lowest levels
of accessibility are often regions with the biggest share of the elderly population [27,66,98]. Moreover,
the elderly were already identified as one of the most vulnerable groups accessing health [128,139],
especially during the economic crisis [44], and access to healthcare is associated with old-age
survival [140]. According to Padeiro [5], in ageing societies, the time and distance to healthcare
services require a better match between location policies and demand for services. This issue is even
more problematic in Portugal due to the high dependency on cars for daily journeys, combined with
the fact that most of the older population no longer holds a driving license (2016; 63,6%). According to
Comber and Colleagues [16], non-car ownership is a significant predictor of difficulty in accessing
critical infrastructure, such as hospitals, and it is even more significant than geographical distance with
respect to utilization.

The lack of accessibility does not only affect the elderly. Premature mortality, an indicator that
accounts for deaths before the age of 75, is also a constant concern in some municipalities with a
population-weighted driving time higher than 30 min, both on the border with Spain and in the central
axis across Portugal. Previous studies already highlighted increasing mortality in Portugal in the
context of decreasing health services [128]. This reveals that primary care is not able to bridge the
gap in access and that there is an urgent need to increase the number of contacts with healthcare
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and provide preventable and specialized care. It is known that remote access to healthcare structures
constitute a barrier that discourages healthcare consumption [141], so it is important to improve access.

Since it is not possible to build a multi-specialized hospital in every municipality, results reveal
where it is important to act and the importance of designing public policies at local level and promoting
interventions able to overcome the lack of geographical accessibility to the hospital.

Municipalities with the worst geographical access might promote the organization of services into
Local Health Units, namely in the center of the Centro region and in the Alentejo region. Those whose
services are already organized in this type of structure might enhance communication between services
to promote better access to specialized care. According to our results, seven out the eight Local Health
Units available in Portugal are in areas with average to bad geographical accessibility, located closer to
the Spanish border. These units integrate local hospitals and related primary care centers into a unique
provider entity, based partly on geographical proximity and partly on the balance of specialties and
availability of an emergency department [142]. These units can also help to overcome a major barrier
to access healthcare in Portugal, by improving the lack of coordination or communication between
services [44,93] and improving access for those living far from the hospital and closer to a primary
health care center.

Municipalities located near the border with Spain might assist in the establishment of agreements
with Spanish healthcare services located near the border. The Euroregions, a transnational co-operation
structure between contiguous territories located in different European countries, are intended to help
reduce the disadvantages of the border regions, promote their integrated development and improve the
living conditions of the population in these areas [143] so they represent an excellent tool for promoting
access to health. There are four official Euroregions joining Portuguese and Spanish municipalities.
However, only two of them have established health as a priority, although information about the
type of partnerships [138,144,145] was unavailable. Besides these, some regions are implementing
some initiatives. For instance, the Centro (PT) and Castille and Léon (ES) regions have implemented a
cross-border innovation network for the early diagnosis of leukaemia, and the Local Health Unit of
Guarda (PT) and the University Hospital of Salamanca (ES) set a protocol that helps the Portuguese
unit to request support with surgical interventions and medical examinations or clinical support from
human resources in those specialties [146]. Local decision-makers with closer healthcare services on
the other side of the border (e.g., hospitals located in Vigo, Badajoz and Huelva), should promote these
types of partnerships and seek fundraising for the implementation of projects that can bring added
value to both sides of the border.

Finally, municipalities with a high rate of elderly people and/or high rates of premature mortality
might also consider telehealth as a viable solution to overcome the distance to the hospital and
provide the early detection of some pathologies. According to the literature, when compared to
face-to-face consultations, telehealth affords doctors the ability to see a higher volume of patients,
a broader geographical reach, a shorter waiting time and a more effective way to reduce avoidable
hospitalizations [147]. Still, in order to achieve these benefits, it is important that primary care has
adequate technology to support the examinations and communicate the results, and that doctors and
other health professionals receive training on how to use those technologies [148]. Municipalities can
act on both issues and, thus, provide improved access to healthcare.

The reasons behind poor accessibility are complex and some territories will require more than
one solution. Successful implementation will rely on excellent digital communication infrastructure,
cooperation between services and adequate information about the new solutions for both health
professionals and the general public.

4.3. Relevance of the Population-Weighted Driving Time Indicator

To date, there is no consensus on a standard measure, accurate representation and adequate
way to communicate geographical accessibility [16,27,31,105,149], so most authors defend the use of
simpler accessibility measures [150]. Still, the population-weighted driving time indicator revealed to
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be the adequate method to measure geographical accessibility from the Portuguese municipalities to
the reference hospital. Considering the five parameters previously discussed, this indicator deploys
on the census tract delimitation (the definition of the residential area), the number of inhabitants on
the census tract (the aggregation method), the time to the hospital (the measurement of geographical
accessibility between demand and supply), the distance based on a network (the type of distance) and
the outcome revealed in minutes (the unit of measurement).

Three main reasons explain the relevance of this indicator to measure geographic access
to healthcare.

The first one concerns the spatial resolution of the data. Portugal has very different administrative
units in terms of area: the North has much smaller administrative units when compared to the
administrative units in the South. The geographic variation in the dimension in area of the administrative
units poses a problem of bias in the results of calculating accessibility weighted by the population
when using the municipality centroid or the parish. For this reason, the centroid of the census tract
(thinner spatial unit) was used to calculate the travel time and to use the population value (weight) that
this census tract contains. The increase in the spatial resolution of the data increases the quality of the
population and the travel time. In fact, this had already been addressed by some authors [117,151] as a
problem that influences the quality of spatial data collection. The results achieved with this indicator
have greater accuracy and are more useful to policy makers because they better reveal local problems
(very fine scale) of accessibility to hospitals.

The second one concerns the scale. Small-area is the most adequate to capture the right level
of areal differentiation and to avoid estimation errors [77,95,98,100,115,118]. However, it is less
relevant for decision-makers since it does not adequately fit their needs. Displaying results in units
of analysis that are significant to decision-makers will increase the likelihood that such results will
be embedded in policy [15,77,112]. Therefore, finding the scale that better fits the evaluation and
decision is not easy, as well as the balance between accuracy and relevance that might compromise
further action. With this method, it is possible to move from a small-area level geographic accessibility
indicator to a local one without falling into a statistical bias that may lead to different conclusions
and policies [115,152]. Population-weighted accessibility metrics minimizes those errors since they
account for the uneven population distribution within a study area and integrate the power and
flexibility of the spatial interaction model-based approach [29]. Therefore, these measures fit better in
studies where geographical accessibility is included as a dimension of the territory to investigate the
association with health outcomes [98]. Thus, the characteristics of this metric make it easily applied to
any administrative level and a useful tool for decision-makers, contributing to the design of policies
and intervention programs. For example, it can be used to identify the extent to which people living in
different locations may “gain or lose” from the applications of those planning policies or programs.
This way, it is a decision-making support tool with the capacity to improve evaluation and, at the same
time, decision-making at local, regional and national levels.

The last reason is based on the outcome result. The population-weighted driving time results
are presented as time, measured in minutes. Since it is a universal measure directly interpretable in
absolute units, as such it does not require any comparison with other values to be understandable. Thus,
population-weighted driving time significantly enhances understanding of access to healthcare services
by providing legible information that raises awareness and promotes evidence-based governance and
contributes towards a productive discourse on future directions for healthcare planning.

Hence, the population-weighted driving time approach: (1) is much easier to use; (2) is sensitive
to locally low areas of accessibility where populations live; (3) considers the population distribution
at small-area level; (4) provides prompt awareness of priority interventions to national and local
decision-makers regarding which regions require interventions. Moreover, the population-weighted
bottom-up approach provides great flexibility in generating geographical accessibility measures at any
geographic level that could be linked with population health outcomes of interest [29]. Therefore, it is
valuable for policymakers to optimize current service provision and organization, which may lead to

92



ISPRS Int. J. Geo-Inf. 2020, 9, 567

improved efficiency and reduced inequality, and for researchers to gain a better understanding of the
mechanisms underlying inequality in care. The relevance of the calculation of potential geographical
access to health equipment is fundamental for the pursuit of the policies of service providers, given that
there is a constant need to monitor compliance with national guidelines on equity, to ensure full
coverage of the provision healthcare services and their operational management and to contribute to
the consolidation of future planning policies at the national, regional and local level.

4.4. Limitations and Future Developments of the Indicator

From our knowledge this is the first study in Portugal considering geographical accessibility based
on the catchment area of the hospitals. Most studies published to date consider the closest hospital to
evaluate geographical accessibility in Portugal [27,105,106,127]. This was due to some instability in the
delimitation of the hospital catchment areas and the constant changes in the hierarchical organization.
Moreover, it is the first study that provides evidence on the inappropriateness of considering the
centroid of the municipality to account for the whole of the population in Portugal, ignoring the spatial
distribution of the population inside the municipality, especially in rural areas where census tracts
mostly have lower population densities and where land use is largely non-residential.

Nonetheless, the methodology presents some limitations requiring awareness. First,
geographical accessibility is modelled as a static concept with no consideration of temporal variations in
services and transportation provision across the diurnal cycle and week. Second, the method considers
ideal travel conditions for all individuals, without considering issues, such as road congestion and
means of transportation. Third, population-weighted driving times only account for spatial aspects of
accessibility and do not take into account the fact that healthcare services are different between them
and are spatially and temporally linked in chains or even consider the financial, social or economic
constraints in the access to the hospital [76,153]. Fourth, the grained scale could be even smaller
by considering the building block where the population lives. Finally, this metric is dependent on
the census survey since there are no projections of population by census tract, so updating it is only
possible every ten years.

Further enhancements can be introduced on future studies to improve the detail obtained by
this metric. For example, other studies might consider different data regarding the health services
(e.g., integrate the Spanish hospitals closer to the border, evaluate geographical accessibility to the
closest hospital, consider the hospital capacity or other types of health services), the transportation
mode (e.g., calculate the time by public transportation according to the main transportation mode used
by the population or using the average travel speed on the road) and the population (e.g., taking into
account the age of the population and its potential use in health services annually and the temporal
fluctuations in population or applying a distance decay based on real utilization of the services).

5. Conclusions

This study provides evidence that, although geographical access has improved over the years,
municipalities still present considerable differences in terms of the time it takes to reach the reference
hospital. The results highlight that inequalities are still visible, especially in municipalities with a high
share of older population, a population-weighted time greater than 30 min and border communities
that require higher attention.

By reflecting the current status of the geographical accessibility of the Portuguese municipalities,
these findings can contribute to the decision-making process, both local and national, in terms of
directing the current and future efforts to reduce disparities between municipalities. Notice that
municipalities with weak geographical accessibility have been spotted, explained, discussed and
suggestions have been put forward for policy-makers.

The value of using this approach has also been demonstrated and contributes to the field
of healthcare planning, population health, public health and probably to other human services.
Although this study focuses on a European Union’ peripheric country, such as Portugal, the methodology
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illustrates possibilities for future research to inform local, regional and national healthcare planning
and implementation elsewhere. These results exhibit that it is possible to bring the detail of small-area
level information to a larger administrative level by producing an indicator that is directly interpretable
in absolute units and is, therefore, easily communicable to and readily understood by policy makers
and civil society. This advantage is a direct outcome of the spatial resolution and of the aggregation
method this research has achieved. Thus, this method is a step forward in terms of measuring and
communicating geographical accessibility.
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Abstract: Public Access Defibrillation (PAD) is the leading strategy in reducing time to first
defibrillation in cases of Out-Of-Hospital Cardiac Arrest (OHCA), but PAD programs are
underperforming considering their potentiality. Our aim was to develop an analysis and optimization
framework, exploiting georeferenced information processed with Geographic Information Systems
(GISs), specifically targeting residential OHCAs. The framework, based on an historical database of
OHCAs, location of Automated External Defibrillators (AEDs), topographic and demographic
information, proposes new strategies for AED deployment focusing on residential OHCAs,
where performance assessment was evaluated using AEDs “catchment area” (area that can be
reached within 6 min walk along streets). The proposed framework was applied to the city of Milan,
Lombardy (Italy), considering the OHCA database of four years (2015–2018), including 8152 OHCA,
of which 7179 (88.06%) occurred in residential locations. The proposed strategy for AEDs deployment
resulted more effective compared to the existing distribution, with a significant improvement (from
41.77% to 73.33%) in OHCAs’ spatial coverage. Further improvements were simulated with different
cost scenarios, resulting in more cost-efficient solutions. Results suggest that PAD programs, either in
brand-new territories or in further improvements, could significantly benefit from a comprehensive
planning, based on mathematical models for risk mapping and on geographical tools.

Keywords: automated external defibrillator; public access defibrillation; out-of-hospital cardiac
arrest; resuscitation; geographic information system; risk mapping

1. Introduction

The American Heart Association (AHA) defines Out–Of–Hospital Cardiac Arrest (OHCA) as
the cessation of mechanical cardiac activity outside of a medical care setting [1]. Survival is strongly
correlated with the time between OHCA occurrence and first defibrillation [2–5], with 6 min considered
as the time limit for an effective intervention [6], as the survival probability declines by 7–12% for
every minute of delay in the treatment [7–9]. To address the need for a fast emergency response,
the leading strategy is constituted by Public Access Defibrillation (PAD), based on the placement of
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publicly accessible Automated External Defibrillators (AEDs, fully automatic devices composed by
two electrodes to be placed on the patient, and a main body, which records the ECG signal and delivers
electric shock if potentially necessary to restore the physiological rhythm) over the cities’ territory [10],
on the training of lay rescuers on how to perform Cardio-Pulmonary Resuscitation (CPR) and how to
use AED, and on campaigns for awareness raising.

PAD programs are nowadays diffused worldwide [11,12], but it is recognized that they are
underperforming, considering their potential [13–16]. In an attempt of improvement, recent research is
focusing on the development of analysis and optimization frameworks [9,17–20], but, whereas current
guidelines focus on public places with a significant flow of people during daytime, multiple statistical
analyses revealed that 60%–80% of OHCAs usually occur in residential locations [18,21–25]. For example,
in Sondergaard et al. [25], in a study aimed at assessing the impact of location of OHCA on rescue
intervention timing and clinical outcome, it was shown that, from a database of 25,505 OHCA
records that occurred in Denmark between 2001 and 2014, 26.4% of them occurred in public places,
whereas 73.6% were in residential locations. Moreover, different studies [22,26,27] found out that
residential OHCA is characterized by higher mortality when compared with OHCA in public places.
This included the study by Folke et al. [22], in which, with the aim of identifying residential areas
suitable for AED installation, from a database of 4828 OHCA records that occurred in Copenhagen
from 1994 to 2005, it resulted that OHCA survival rates were 13.9% and 3.2% for public and residential
locations, respectively. Although the likelihood of use of a publicly accessible AED is significantly
lower in residential events when compared to public ones [28], recent studies highlighted, as a
priority, the development of new strategies to reduce the mortality in residential areas by early
defibrillation [22,25,29–31].

The frameworks proposed in previous studies for optimization of AED deployment are usually
characterized by three main processes:

1. Efficiency analysis of the current distribution of AEDs, based on the area where AEDs can be
used within the scientifically assessed time limit for an effective and beneficial use, hence there is
no standard in how to convert this time limit into a spatial measure.

2. Mapping of OHCA occurrence risk by development of a geographic risk function using different
approaches: purely statistical (simulation of events based on retrospective data or application of
distribution models, such as Poisson regression or Kernel density analysis) or more sophisticated
ones (modelling of explicative factors, relevant to demography, socio-economic conditions, and
land-use). Given the intrinsic randomness of the phenomenon, both predictive performance and
generalization of the proposed methods are uncertain.

3. Identification of new AED spatial distributions, based on the optimization of a target function,
and assessment of the related performance by a validation procedure. Whereas the proposed
mathematical optimizations of target functions are detailed and successful, their conversion into
PAD performance improvement is hard to validate.

Recent research has identified Geographic Information Systems (GISs, a set of tools for capturing,
storing, checking, manipulating, analyzing and displaying spatially georeferenced data [32]) as a key
tool addressing the problem of optimizing PAD [33–35]. For example, in Ringh et al. [35], a study aimed
at discussing existing evidence of Public Access Defibrillation and knowledge gaps and future directions
to improve outcomes for OHCA, the use of GIS in planning deployment of AED is listed among the
eight key actions to improve PAD results. We hypothesized that a GIS-based deployment strategy could
be more successful in targeting residential OHCAs, as encouraged by multiple studies [22,25,29–31],
including Rea T. [30], who encourages a “paradigm” shift for PAD towards an “all-access defibrillation”
beyond the conventional public setting use, and cites the use of “advanced mapping techniques” as a
potential source of improvement.

Accordingly, our aim was to develop an analysis and optimization framework exploiting
georeferenced information from a historical database of OHCAs, known AED locations, and topographic
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and demographic information, to define a geographic risk function and propose new strategies for
AED deployment specifically targeting residential OHCAs. This framework was applied and validated
on the city of Milan, Lombardy (Italy), counting 1,372,810 residents (as of 31 July 2017) over a surface
of 181.67 km2.

2. Materials and Methods

2.1. Data Sources and Pre-Processing

Four different data sources were utilized:

1. Georeferenced database of OHCAs (collected and made available for this research by AREU,
Azienda Regionale Emergenza/Urgenza, responsible for the 112 emergency number service
and Emergency Medical Services (EMS) provider for Lombardy region): it includes records of
all OHCAs that occurred in Lombardy from 2015 to 2018 for a total of 45,043 records. In this
timeframe, 8152 OHCAs occurred in the city of Milan, of which 7179 (88.06%) in residential
locations. The anonymized database contains, as fields, the geolocation of each event, its date
and time, time-to-intervention, information related to CPR and AED use, and more.

2. Georeferenced database of AED (from AREU): it includes geo-reference (geographic coordinates),
location (description of the AED’s installation place), and accessibility of known publicly accessible
AEDs in Lombardy as of 31 December 2018 (10,023 devices, 1001 in the city of Milan).

3. Milan City Topographic Database (open data at https://geoportale.comune.milano.it/sit/):
Geographic information about residential buildings, roads, subdivision of the city into 88 districts
(Local Identity Nuclei, LINs: an administrative subdivision of the city based on traditional areas
of the city and history of urban development).

4. Demography (open data at http://dati.comune.milano.it/): demographic and socioeconomic
information about the resident population specifically for each LIN (gender, age, and nationality).

All georeferenced information was converted to the World Geodetic System 84 (WGS 84)–UTM
(Universal Transverse Mercator) 32 North coordinates system and imported into an open source and
free-to-use under the GNU GPL license GIS software (QGIS, http://www.qgis.org), to be visualized
as separate layers in the same map. Figure 1 shows an example of this visualization, with the
georeferenced records in the OHCA database filtered for the city of Milan.

 

Figure 1. Distribution of georeferenced Out-Of-Hospital Cardiac Arrests (OHCAs), over the territory
of the city of Milan from 2015 to 2018, that occurred at residential location (left panel) and outside of
residential locations (right panel).

Routing issues were managed through pgRouting (https://pgrouting.org/) and PostGIS, open
source SQL libraries run on PostgreSQL (http://www.postgresql.org), available on OSGeo, an operative

105



ISPRS Int. J. Geo-Inf. 2020, 9, 491

system developed by the Open Source Geospatial Foundation (https://www.osgeo.org/). Processing
of metadata and the optimization algorithm were implemented using the programming platform
MATLAB (https://www.mathworks.com/products/matlab.html).

Figure 2 reports the schematic of the proposed framework (data sources highlighted in the gray
box). The first step (right side) is represented by the evaluation of the current distribution of AEDs,
based on the computation of the catchment areas of currently placed devices (area where they can be
effectively used within the time limit, see next paragraph for implementation details), and a model for
estimation of the distribution of the resident population. This output is exploited (left side) by the
development of a geographic risk function to estimate the risk of residential OHCA occurrence along
the territory, and by the final optimization defining a new geographical distribution for AEDs, that is
subsequently evaluated with the same approach applied to the current deployment.

Figure 2. Schematic representation of the proposed framework, with data sources highlighted in the
gray box. See text for further details.

2.2. AED “Catchment Areas”

In order to assess the performance of AEDs, a “catchment area” was defined as the area that can
be reached from the position of each AED within the set time limit (portion of territory potentially
covered by the AED presence). Guidelines from AHA [36] suggest a time of 3 min as the limit (thus
allowing back and forth within 6 min), but the conversion of this time limit into a space indication is not
established [19,24,37]. In most of the previous studies, catchment areas were computed as 100 m radius
circles [17,20,22,34,38,39]. For example, in the study by Sun et al. [39], a paper that studied if optimized
AED locations improved coverage of OHCA, results showed an increase in estimation between 50%
and 100%, where 100 m circular buffers were used as the measurement of device catchment areas.
However, other studies, such as Deakin et al. [24], where the impact of AED accessibility and locations
on the clinical outcome is investigated, and Bonnet et al. [9] where a platform for planning of optimal
AED deployment in urban environments is developed and validated, suggested the use of realistic
topography-based catchment areas. This second approach was followed in our research by computing
them considering the reachable distance moving along the streets network (not through Euclidian
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distance), thus resulting in very different mapping results [24,28], especially when considering OHCA
coverage (i.e., when studying the whole territory of Lombardy region from 2015 to 2018, we reported a
15.35% OHCA coverage considering 200 m realistic areas against 9.43% considering 100 m circular
buffers [40]). The computation resulted successful for 929 of the 1001 AEDs (92.8%), whereas for the
remaining 72 (7.2%), the computation failed due to limitations in mapping quality, specifically in
relation to open spaces such as parks, squares and large facilities, where the walkable paths are not
clearly reported, and it is not possible to exclude the presence of obstacles. In these cases, the traditional
100 m circular buffer was considered, being the approach that better estimates the spatial coverage in
cases where roads mapping is insufficient, resulting in a comparable mean surface of the catchment
area [40]. Setting a 1.5 m/s walking speed (that is relatively low, in order to correct for the human factor
and delays due to non-trained bystanders), 3 min correspond to a distance of 270 m centered on each
AED. However, considering the time needed to reach the ground level from residential locations at
higher floors, a non-negligible issue in the urban environment of Milan, the path length for computation
of the catchment areas was reduced by a variable distance factor (max 70 m, down to a min final
measure of 200 m) based on the mean height of the buildings in an outer 100 m portion of territory
(between 150 and 250 m from the location of the AED) and weighting each building according to its
estimated resident population. Details about this adjustment are reported in Appendix A.

2.3. Geographic Risk Function

A geographic risk function, developed from retrospective data, expressing the expected probability
of residential OHCA occurrence, was computed on 200 × 200 m squared cells obtained gridding the
city territory; the cell dimension was set as a first conservative estimate for the possible presence of an
AED catchment area, with the AED to be installed at the center of the cell. The amount of resident
population in the area constituted the main factor; since a high level of granularity is required, a model
for the estimation of the amount of residents building-by-building was developed for the whole city,
as this information was not directly available. The estimate was derived as:

building_pop =
building_vol

vol_ud
=

building_vol ∗ tot_popd

tot_vold
(1)

where building_pop is the estimated number of residents for each building, building_vol the building
volume; vol_ud the LIN-specific residential volume available for each resident person, computed as
tot_vold/tot_popd, with tot_vold representing the total residential volume in each LIN; and tot_popd the
total resident population in each LIN.

However, aiming at a more accurate risk function definition, a purely geographic factor unbound
from the absolute number of residents was developed using supervised machine learning, where the
target variable (set as a geographic risk estimator) was constituted by the percentage incidence of
residential OHCA in the resident population. As previously stated, the whole territory was divided
into 200 × 200 m cells; those with < 200 inhabitants were discarded as they were considered statistically
meaningless, since the random noise component of the measured phenomenon (the percentage incidence
of residential OHCA in the population) is prevalent within these records. This operation resulted in
a final set composed of 2124 items. Each item was characterized by 35 attributes (three cell-specific,
32 LIN-specific) considering relevant factors with respect to OHCA occurrence probability [41],
including age and gender of the resident population, percentage of foreign citizens (divided by
ethnicity), resident population density, mean price of the properties in the district (considered as
a socioeconomic indicator), percentage of edified surface in the area, and more. Attributes were
reduced by applying Principal Components Analysis [42] separately on demography, ethnicity, and
socio-economical subsets of attributes, and maintaining resulting attributes until the total explained
variance was > 95% for each category, leading to a total of eight attributes; only these resulting eight
attributes are used in the following steps of the algorithm. Outliers were identified through z-index
(defined as zind

i =
xi−μ
σ where xi is the value of record i, μ is the sample mean and σ is the sample
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standard deviation) with threshold set to 5 [42] and then removed. The third-degree polynomial
interpolation (four estimated coefficients) for each of the right attributes with the target variable was
computed (32 total coefficients). The final predictor was calculated as a weighted average among all
the eight estimators (results of the interpolation for each attribute):

p̂i =

∑n
j=1 wj

(
c1, jv3

i, j + c2, jv2
i, j + c3, jvi, j + c4, j

)
∑n

j=1 wj
(2)

with:

p̂i: Target variable predictor (i-th item), estimate for the purely geographic risk function;
n: Attributes number;
cx, j: Coefficients for polynomial third degree interpolation (j-th attribute);
vi, j: Value of the j-th attribute for the i-th item;
wj: 1

rj
, where rj is the absolute value of the mean of residuals for the estimator from interpolation of

j-th attribute.

Figure 3 shows a schematization of the procedure: the model output values (geographic risk
function, represented by the target variable estimate) were rescaled in the [0,1] range and applied as a
weight to the number of resident population in the cell, providing the final risk level:

Ri = p̂i
∣∣∣
0−1 ∗ popi (3)

with:

Ri: Final risk level (i-th cell);
p̂i
∣∣∣
0−1: Predictor of OHCA percentage incidence (i-th cell, rescaled [0,1]), representing the estimate of

the purely geographic risk function;
popi: Estimated resident population (i-th cell);

The implemented risk function was validated through a Receiving Operating Characteristic (ROC)
curve: the cells where at least one OHCA occurred in a biennium (repeated on 2015–2016, 2016–2017,
and 2017–2018) were considered “positive”, otherwise they were considered “negative”. Setting a
threshold risk value (“alpha” threshold) separating “positive” and “negative” test outputs allowed the
computation of true positives (TPs), false positives (FPs), true negatives (TNs), and false negatives
(FNs). ROC curve was obtained plotting the sensitivity ( TP

TP+FN ) on y axis and 1-specificity (1− TN
TN+FP )

on x axis for different values of alpha threshold (ranging 0–1).

2.4. Optimization Strategy

An algorithm was implemented for the priority-ranked identification of cells where the installation
of an AED is required, according to the user-defined figure of merit, which can be budget constraint,
or the achievement of a target performance (in terms of coverage of final risk level, territory, resident
population, or retrospective OHCAs: in this latter case, the performance was estimated on the basis of
the coverage provided by the 200 × 200 m cell, set to be the a first rough and conservative estimate of
the possible presence of a catchment area). The optimization algorithm has as inputs:

• AEDs database, each weighted by an efficiency score (coverage of final risk level through its
catchment area), and by a time-accessibility score (ts) ranged 0 to 1, with 1 assigned to AEDs
accessible 24/7.

• dataset of 200 × 200 m cells not covered by an AED, where each cell has a priority score expressed
by the final risk level.
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Figure 3. Schematization of the implementation of the geographic risk function. Panel A: The purely
geographic risk estimator (scaled in the range 0 to 1) is computed for each 200 × 200 m cell in which the
city territory was divided. Panel B: Number of estimated residents for each cell. Panel C: Their product,
where the geographic risk estimator was applied as a weight, providing a final risk function estimating
Out-of-Hospital Cardiac Arrest (OHCA) occurrence probability (scaled in the range 0 to 1).

The algorithm proceeds iteratively, identifying at each step the cell with the highest risk and the
least efficient AED (i.e., considering only AEDs in whose catchment areas where no OHCA occurred in
the last four years), choosing between the installation of a new AED or the repositioning of a pre-existing
one, considering the ratio between performance gain (coverage of final risk level) and implementation
cost (accordingly to AREU, 2500 € for a new installation and 500 € for a re-displacement), until the
user-defined objective was reached.

The outputs of the algorithm consist in:

1. Identification of all the cells where an AED should be positioned according to the selected goal,
with priority ranking, as a new installation or a re-displacement;

2. Identification of the currently located AEDs that should be repositioned.
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To assess efficiency (benefits/costs), a dedicated score (CE, Cost-Efficiency figure of merit) was
calculated:

CE(%) =
ΔTp

Tc/106 (4)

where:

- ΔTp represents the increase in percentage of covered OHCAs from the baseline: when evaluating
the current AED distribution, the baseline value is assumed as 0%, whereas when evaluating new
distributions, the baseline represents the percentage of OHCAs covered through the pre-existing
deployment. As an example, a new simulated deployment covering 60% of retrospective events
could results in ΔTp = 60 if representing a new distribution starting from blank (i.e., no AED
on the territory); otherwise in case of a coverage of 41.77% provided by the current distribution,
it results in ΔTp = 60 − 41.77 = 18.23, thus representing further processing of the currently
implemented deployment.

- Tc is the cost for the implementation of such distribution, expressed in M€.

3. Results

From the analysis of the age distribution of the observed 7179 (88.06%) OHCAs in residential
locations (recorded from 2015 to 2018 in the city of Milan), most of the victims were older than
60 years (61–80 years old = 32.9%; >80 years old = 53.21%), where 46–60 years old accounted for
9.21%, 30–45 years old for 2.87%, <30 years old for 1.06%, while 0.74% of the records did not report the
victim’s age. Median time (25th, 75th) to arrival of EMS was 8 min 44 sec (6 min 55 s, 11 min), and in
only 143 cases (1.99%) of home OHCA the use of a public AED was reported. In Figure 4, in a zoomed
portion of Milan, the position of each AED currently installed, with its realistic catchment area, and of
each residential OHCA are shown.

 

Figure 4. A zoomed portion of the city of Milan, with the position of each Automated External
Defibrillator (AED, yellow stars) and its realistic catchment area, and the position of each residential
Out-of-Hospital Cardiac Arrest (OHCA) in the period 2015–2018 (black dot).
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3.1. Performance of Current AEDs Distribution

Table 1 reports the results of performance analysis of the current distribution of AEDs for the
OHCA database for the city of Milan. The sub-optimal coverage both of territory (23.14%) and resident
population (40%) was noticeable. Moreover, a high overlapping of catchment areas (39.28% of the total
catchment area of AEDs) was observed, where its elimination alone could provide a 9% increase in
coverage of city territory. The 41.77% of total OHCAs occurred within a catchment area (cost-efficiency
parameter CE = 16.69%), of which 50.46% for “outside” OHCAs, and 40.59% for residential OHCAs,
with a lowering the overall performance, as residential events represented almost the 90% of the total.
The 41.77% actual coverage was considered as the baseline to compute the cost-efficiency CE parameter
in new distributions.

Table 1. Results of performance analysis of the initial distribution of Automated External Defibrillators
(AEDs). Out-of-Hospital Cardiac Arrest (OHCA) coverage values are reported separately for residential
events (‘Home’), non-residential ones (‘Out’) and aggregated (‘Tot’, enlightened in bold).

Territory
Coverage on Milan City

Area (%)
Overlapping (%)

Overlapped Coverage on
Milan City Area (%)

23.14% 39.28% 9.09%

Population Covered Population (%) Percentage of Covered
Population in Overlap

Total Population in
Overlap (%)

40.02% 40.3% 16.13%

OHCAs 2015–2016 2017–2018 Overall (2015–2018)
Coverage Home Out Tot Home Out Tot Home Out Tot

# 1387 222 1609 1527 269 1796 2914 491 3405
% on Total 39.56% 47.54% 40.5% 41.57% 53.16% 42.98% 40.59% 50.46% 41.77%

# in overlapping 484 113 597 559 149 708 1043 262 1305
% in overl. on cov 34.9% 50.9% 37.1% 36.61% 55.39% 39.42% 35.79% 53.36% 38.33%
% in overl. on tot 13.8% 24.2% 15.03% 15.22% 29.45% 16.94% 14.53% 26.93% 16.01%

The correlation between common GIS attributes relevant to LIN and the use of AED in presence
of residential OHCA was analyzed. Interestingly, higher levels of use were associated with a lower
resident population (1720 [1119; 2587.5] vs. 2005 [1412; 2617.25]) with larger residential volume/person
available (219.6 [176.4; 265.73] vs. 190.44 [172.85; 256.38] m3/person), thus evidencing wealthier areas,
and with less prevalence of residents > 60 years old (27.5 [25.5; 30.1] vs. 28.2 [26.1; 30.7] %).

3.2. Validation of the Geographic Risk Function

Despite the actual prediction of OHCA incidence being impossible (due to the strong randomness
observed in the occurrence of OHCA), the small variations of the target value were considered
representative of the relative difference in the risk distribution.

The area of the obtained ROC curve was 0.887 for 2015–2016 (best “alpha” threshold at 0.037,
with 95% sensitivity and 68.2% specificity), 0.886 for 2016–2017 (best “alpha” threshold at 0.0317,
with 95% sensitivity and 67.8% specificity), 0.884 for 2017–2018 (best “alpha” threshold at 0.0263,
with 95% sensitivity and 67% specificity), confirming the reliability of the computed geographic
risk function.

3.3. Performance of the Optimized Distribution of AEDs

First, the optimization algorithm was applied to a scenario that replicated the number of currently
available AEDs, to test for possible improved configurations achievable if the proposed model would
have been used to assist in the decision about where to put each AED, as suggested by Sun et al. [39].
As expected, a better performance achievable in respect to the current one was evidenced, estimating
an increase in spatial coverage of all OHCAs of +31.56% (from 41.77% to 73.33%), with a CE parameter
increasing from 16.69% to 29.3% (+12.61%). Detailed results are reported in Table 2.
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Table 2. Detailed results of performance analysis where a model-based distribution of the same number
of Automated External Defibrillators (AEDs) that are currently deployed is simulated.

Coverages
OHCAs

(Home, Outside)
Geographic

Risk Function
Area

Resident
Population

Cost-Efficiency
Parameter CE

Current
deployment

41.77%
(40.59%, 50.46%) 39.51% 23.14% 40.02% 16.69%

Model-based
simulated

deployment
(% Δ)

73.33% (+31.56%)
(75.65%, 56.22%)

(+35.06%, +5.76%)

65.27%
(+25.76%)

29.07%
(+5.93%)

70.15%
(+30.13%)

29.3%
(+12.61%)

In order to evaluate the potential improvements, starting from the current situation, four additional
scenarios were simulated:

1. Displacements only (no new AED is installed, some of the currently located AEDs are
re-displaced): the algorithm suggested the re-displacement of 373 (37.26% of the total) AEDs, providing
an expected increase of covered OHCAs between 2015 and 2018 of 23.06% (from 41.77% to 64.83%),
with a CE of 123.65% (resulting very high due to the low cost of re-displacements).

2. Installation of fixed number (N = 100) of new AEDs and re-displacement of existing ones:
a total of 366 re-displacements (36.56%) were suggested in addition to the installation of 100 new
devices, potentially covering the 68.69% of OHCAs between 2015 and 2018, with a CE of 62.4%.

3. Doubling the current risk coverage (from 39.51% to 79.03%): this scenario resulted in an increase,
hence not a doubling, in total covered OHCAs from 41.77% to 74.9%, with a +33.13%, associated to a
remarkable coverage level, and with a CE which is twice that of the current deployment (from 16.69%
to 36.17%, +19.48%).

4. Doubling the initial investment relevant to the current distribution (estimated as 2,502,500 €,
based on the cost of installation of 1001 AED): results of this scenario showed the re-displacement of
293 (29.27%) AEDs together with 942 new installations, obtaining a risk function coverage close to the
total (98.79%), accounting for the 88% of all the OHCAs, with a CE slightly higher than the initial level
(18.47%).

In Table 3, the detailed results of performance analysis for the simulated scenarios are presented.

Table 3. Detailed results of performance analysis of the simulated scenarios for new distributions of
Automated External Defibrillators (AEDs); signed values within brackets represent the delta in respect
to the corresponding value in the current placement (first column).

Current
Placement

Displacements
Only

100 New
AEDs

Risk
Coverage
Doubling

Budget
Doubling

Final AEDs N◦ 1001 1001
(=)

1101
(+100)

1396
(+295)

1943
(+942)

N◦ of re-displaced AEDs (%) /
373

(37.26%)
366

(36.56%)
357

(35.66%)
293

(29.27%)
Total Cost (€)

(% of initial estimated
investment)

2,502,500 186,500
(7.45%)

433,000
(17.3%)

916,000
(36.6%)

2,501,500
(99.96%)

Covered Risk 39.51% 64.52%
(+25.01%)

69.96%
(+30.45%)

79.03%
(+39.52%)

98.79%
(+59.28%)

Covered Area 23.14% 17.94%
(-5.2%)

19.98%
(-3.16%)

23.91%
(+0.77%)

36.43%
(+13.29%)

Covered Resident Population 40.02% 59.49%
(+19.47%)

64.08%
(+24.06%)

71.66%
(+31.64%)

88.75%
(+48.73%)

Covered home OHCAs
2015–2016 39.56% 65.43%

(+25.87%)
69.91%

(+30.35%)
76.41%

(+36.85%)
89.45%

(+49.89%)
Covered home OHCAs

2017–2018 41.57% 64.69%
(+23.12%)

68.69%
(+27.12%)

74.93%
(+33.36%)

89.14%
(+47.57%)

Covered home OHCAs
2015–2018 40.59% 65.05%

(+24.46%)
69.29%

(+28.7%)
75.65%

(+35.06%)
89.29%

(+48.7%)
Covered outside OHCAs

2015–2018 50.46% 63.21%
(+12.75%)

65.15%
(+14.69%)

69.37%
(+18.91%)

78.52%
(+28.06%)
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Table 3. Cont.

Total Covered OHCAs
2015–2018 41.77% 64.83%

(+23.06%)
68.79%

(+27.02%)
74.9%

(+33.13%)
88%

(+46.23%)
Cost-efficiency

(% coverage improvement
over baseline/M€)

16.69% 123.65%
(+106.96%)

62.4%
(+45.71%)

36.17%
(+19.48%)

18.47%
(+16.78%)

It should be noticed that the estimation of the expected performance is strongly conservative, as
the catchment areas of hypothetical new AED installations are 200 × 200 m cells (and not referring to a
potential distance of 270 m), which is therefore an estimate by default.

Figure 5 reports a graphical representation of the output, where the algorithm returns currently
located AEDs that should be re-positioned and identifies cells where the installation of a new device
is suggested.

Figure 5. Example of the graphical representation of the output of the optimization strategy. Among
currently available Automated External Defibrillators (AEDs), those that should be re-displaced (orange
catchment areas) or not (blue catchment areas) are indicated, while the cells where the installation of a
new device is suggested are depicted in green.

4. Discussion

In the context of deployment strategy of AEDs for improving spatial coverage of residential OHCAs,
several unsolved issues relevant to optimization frameworks in PAD programs were addressed:

• Dimensioning of the catchment areas: the proposed computation considers realistic areas, based
on the reachable distance within 3 min (allowing back and forth within 6 min) at 1.5 m/s velocity
(270 m), reduced by a variable quantity (max 70 m) depending on the mean height of the
surrounding buildings. This solution constitutes a possible improvement in matching a real-world
scenario, compared to previous literature (100 m circular area [17,20,22,34,38,39]).
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• Development of the risk function: the main innovation was to focus on OHCAs occurring inside
residential locations constituting the majority of the events (almost 90% in the considered dataset),
characterized by higher mortality. Differently from previous studies [9,20,39], a supervised
learning approach inspecting the relation between geographic risk (target) and attributes related
to demography, socio-economic conditions and land-use was applied.

• Applicability as a decision-making support tool: in literature, only one example [9] of an interactive
interface for the optimization framework with the possibility for the user to modify the initial
parameters as a decision-making support was present. The novelty (and main potentiality) of the
proposed framework is related to its generalization and application to any new territory where
the input data (AEDs and past OHCAs geolocation, streets network, demography) are available,
although with variable accuracy to be determined according to the provided information (both
regarding quantity and quality). Moreover, the proposed framework also considers the possibility
to re-displace current devices (as suggested by Tierney et al. [38]) and allows the user to set the
target constraints for optimization, choosing among a wider number of different criteria including
area, population or risk coverage, not just limited to budget or number of devices.

As a result, in the context of its application to the case study of the city of Milan, the proposed
strategy for AEDs deployment resulted more effective compared to the existing distribution. The initial
spatial coverage of OHCAs (41.77%) was significantly lower than that estimated to be achieved by the
new distribution (73.33%), resulting in a higher cost-efficiency parameter CE (from 16.69% OHCAs
coverage increase for 1 M € invested, up to 29.3%).

Based on the results of this study, AEDs placement should be directed by the public authority
according to a predefined plan, which is in line with results from similar studies [19,39]. Although
private funding is a primary source for the development of PAD programs, and should always be
encouraged, a centralized management of every initiative relevant to the installation of an AED would
result in a more efficient exploitation of the allocated resources, which is enlightened as a primary
objective by Deakin et al. [24].

This main conclusion is in line with Folke et al. [33], that examined cost-effectiveness of covering
OHCA in public places in the city of Copenhagen (Denmark) and concluded that strategic placement of
AEDs based on historical occurrence was economically acceptable, whereas unguided initiatives lead
to AEDs being placed inappropriately. Similarly, the use of geographical information together with
mathematical modelling helped in identifying such high-risk areas for the city of Toronto (Canada),
thus proving that strategic placement of AEDs in a limited number of sites may result in an increase
in public OHCA coverage in a large urban center [34]. When combined with community responder
programs, the proportion of OHCA in public settings treated by AED in the Seattle area increased
every year, from 1.56% in 1999 to 5.23% in 2002, with no adverse outcome from AED application in
non-arrest events, and with 25% survival for OHCA in residential settings [43].

In addition, it is worth noting that the resulting AEDs distributions in this study scenario focused
on residential events were not worsening (and actually improving, from 50.46% to 56.22%) the coverage
of OHCAs in outdoor locations, by globally covering a higher portion of territory. This relevant finding
suggests that a home-OHCA-based strategy does not impact negatively on the possibility of receiving
assistance by a bystander in case of outdoor OHCA. Whereas, on the contrary, policies focused on
optimizing AEDs distribution to cover outdoor OHCAs will have no or minimal impact in increasing
the coverage of residential OHCAs, resulting in a lower level of use of AEDs in residential locations
with respect to public places, as confirmed by recent studies [23,28].

Considering the performed simulations of further improvements in AEDs deployment
(even though results should be considered conservative, because catchment areas of new hypothetical
devices were estimated covering a 200 × 200 m area, instead of a realistic one), all new computed
distributions are more cost-efficient from the point of view of spatial coverage when compared with
the current deployment, including the most demanding simulated scenario (“budget doubling”),
where the expected coverage of OHCAs reached 88%.
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The relationship between risk coverage and OHCAs coverage is non-linear due to the random
component of the phenomenon, which cannot be modelled; therefore, high levels of covered risk
(as percentage of the total) correspond to a lower percentage of covered OHCAs (e.g., in the “budget
doubling” scenario a 98.79% of covered risk corresponds to a 88% coverage of OHCAs). However,
the overall trend of the results in the different scenarios is coherent: an increase in risk coverage does
correspond to an increase in OHCAs and resident population coverages, although with a decreasing
ratio when approaching higher levels, implying a reduction in cost-efficiency. Despite the model being
targeted on residential OHCAs, the coverage of events happening outside the residential location was
increased too, although with lower ratios.

Main limitations concerning the utilized methodology were:

• Data quality: topographic and demographic open data, not specifically collected for scientific
purposes, were used for the development of the risk function. Moreover, the topographic mapping
information was not complete and prevented the computation of realistic catchment areas for
72 (7.2%) of the considered devices, for which the use of the traditional (yet inefficient in terms
of OHCA coverage [40]) 100 m circular buffer was implemented. However, due to the limited
number of affected AED and their location (parks, squares and large facilities), which is not
relevant in addressing residential events (i.e., the main focus of this study), we considered the
resulting approximation as acceptable.

• AED placement spot: the algorithm identifies squared cells where an installation is considered
necessary (according to specifications), but no output is provided about the exact spot within the
cell where the AED should be placed, which means that the resulting coverage area might not be
the most efficient. A future development could address the identification of these spots, with a
following phase of fine-tuning positioning for each cell.

• Follow-up survival data not available: due to Italian legislation and separate database system
between the EMS provider and the hospitals, the assessment of the rescue outcome, neither in
short-term (as EMS crew often does not include a physician, so death could not be declared
until body arrival to the hospital) nor in long-term survival, was not available. This prevented
a possible comparison of the rate of AED use and successful resuscitation between cases of
home-OHCA, which occurred within the actual public AED catchment areas, versus those that
occurred outside. Although timely interventions on OHCA with a public AED do increase
survival probability [4,5], and the likelihood of such interventions is higher when the distance
between the OHCA location and the AED is shorter [28], the proposed increase in spatial coverage
provided by public AEDs, which is the target of this study, could be evaluated from an efficiency
point of view (e.g., by computing the results in terms of Quality-Adjusted Life Years, QALYs).
This is only if correlating more frequent uses of AED in events occurring within their catchment
areas with higher survival rates and better medical outcomes, of which were not available in this
study. However, Sondergaard et al. [28] reported a higher likelihood of use of public AEDs when
placed closer to OHCA locations, while Sun et al. [39] demonstrated, exploiting the Utstein-based
outcome prediction, that the increase in spatial coverage provided by AEDs is correlated with
higher survival chances and better neurological outcome. In addition, the report remarked that
this kind of “in-silico” trial “can be used to identify promising interventions based on objective
performance criteria and inform trial design in a data-driven manner, potentially saving significant
time and money”.

As the risk function was computed considering all OHCA etiologies, with both shockable rhythms
and pulseless electrical activity, a further improvement could be to limit the risk function computation
on OHCA with shockable rhythms only, in order to potentially maximize cost-effectiveness of AED
distribution. However, this was not possible with the available data, where 5963 records (73.15%) had
missing information for this field, and only in 352 records (4.32%) a shockable rhythm was reported,
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also due to the result of the time-dependent deterioration of ventricular fibrillation to asystole [44],
considering that the median time to arrival of EMS was larger than the recommended 6 min.

Moreover, by expanding the spatial-temporal sample and having more records where a publicly
accessible AED is used, the correlation between territorial attributes (routing, environment etc.) and
the level (and quality) of public AEDs use could be further inspected, as well as possible correlations
with the medical outcome.

Finally, it is worth noticing that the actual use of public AEDs is still very low, in line with data
from other countries [37], with 227 reported uses in the 8152 total OHCA, accounting for 2.78% of the
cases, of which 143 were related to a home OHCA, also due to a 45.46% of missing data in the available
database. While increasing geographic coverage and spatial accessibility does not ensure by itself an
increase in the use of public AEDs (although Sondergaard et al. [28] enlightened a correlation between
AED-to-OHCA proximity and AED use), providing policy makers with methods for increasing AED
spatial accessibility represents a first step towards increasing their utilization and survival probability,
particularly if accompanied by public campaigns for awareness raising. The HAT trial [21], despite
not finding differences in terms of mortality between the patients in the control group (conventional
response) and those to which a personal AED was given at home, confirmed that the use of AED
at home on loved ones or neighbors by lay users with minimal training was feasible, risk free, and
resulted in overall survival after cardiac arrest at home of 12% (18.3% for witnessed events), better than
the 2% previously reported [45].

Therefore, even if a more accurate distribution of the devices could improve PAD performance,
the first and key resource where more efforts should be invested are the final users. Campaigns for
awareness raising and citizens training [46], together with the inclusion of this kind of resource in the
EMS [25,47,48] (e.g., via smartphone app [49]), could positively improve PAD performance regardless
to the optimality of the deployment of the devices. These improvements in the usage model could also
provide AEDs retriever with the exact location and potentially with the faster routing, significantly
reducing the time to retrieval. Moreover, despite the assessed safeness of AED use from untrained
people, legal restrictions are still negatively impacting use level of AEDs from bystanders, especially in
Italy [16]. In other countries too, where willingness of bystanders to initiate resuscitation is higher,
usage is still low, at least to some extent due to the reduced accessibility [25,37].

5. Conclusions

The proposed framework for PAD, considering realistic catchment areas, showed that, in the
city of Milan, the current distribution of publicly accessible AEDs, based on the current guidelines
and use practice, is sub-optimal, both regarding the coverage of territory, of OHCA events, and of
resident population. The following optimization, exploiting a geographic risk function for estimation
of OHCA occurrence probability, could provide a highly valuable decision-making support for policy
makers, from which new installations or re-displacement of existing AEDs could result in effective
improvement in the spatial accessibility of publicly accessible AEDs.

Based on the results of this study, AEDs placement should be directed by the public authority
according to a predefined plan both concerning public and private initiatives, as stated in similar
studies [19,39]. The focus on residential OHCAs, following recent suggestions encouraging this
approach [22,25,29–31], revealed that, from a spatial point of view, targeting residential areas is more
effective in increasing coverage of both in-home and public OHCA.

The obtained findings could be considered as a relevant starting point for a real field application of
the proposed framework, which can be implemented for any territory in which the required information
is available. If including medical follow up of OHCA outcome, it could provide definite data for policy
makers on performance of algorithms for the most cost-effective placement of AEDs, leading to a more
effective definition of PAD programs guidelines. However, in line with conclusions by Sun et al. [39],
the proposed approach could already be considered valuable in guiding AED placements in order to
increase spatial coverage, which is likely to result in better clinical outcome for victims of OHCA.
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Appendix A

Adjustment of catchment areas dimensions considering buildings height.
1. Computation of a realistic catchment area with a target path dimension of 150 m, considered to

be the minimal distance after which the effect of building height could prevent the possibility to reach
the OHCA location within the time limit of 6 min (back and forth).

2. Computation of a realistic catchment area with a target path dimension of 250 m, considered to
be the maximal distance in which the OHCA location can be reached within the time limit of 6 min
(back and forth) even when considering buildings height.

3. Computation of the portion of the territory included within the realistic catchment areas with
150 and 250 m target path, considered to be the area in which buildings height could have an impact
and should be evaluated.

4. Identification of all the buildings in the territory included within the 150 and 250 m realistic
catchment areas, considered to be the buildings potentially impacting reaching the OHCA locations in
due time.

5. Computation of the weighted (on the base of estimated hosted resident population) mean
height mwh of buildings in the territory within the 150 and 250 m realistic catchment areas:

mwh =

∑
i hi ∗ popi∑

i popi

where hi is the height of the i-th building in the interest area, popi is the estimated resident population
living in the i-th building in the interest area (with the estimation method previously described).

6. Reduction of the dimension of the catchment area: The vertical movement speed is considered
to be 1.5 m/s, therefore the reduction dimension is computed as mwh* 1.5, where mwh is the weighted
mean height [m] of the buildings in the interest area (step 3).

lr = mwh ∗ 1.5 =

∑
i hi ∗ popi∑

i popi
∗ 1.5
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Abstract: During the early stage of the COVID-19 outbreak in Wuhan, there was a short run of medical
resources, and Sina Weibo, a social media platform in China, built a channel for novel coronavirus
pneumonia patients to seek help. Based on the geo-tagging Sina Weibo data from February 3rd
to 12th, 2020, this paper analyzes the spatiotemporal distribution of COVID-19 cases in the main
urban area of Wuhan and explores the urban spatial features of COVID-19 transmission in Wuhan.
The results show that the elderly population accounts for more than half of the total number of Weibo
help seekers, and a close correlation between them has also been found in terms of spatial distribution
features, which confirms that the elderly population is the group of high-risk and high-prevalence in
the COVID-19 outbreak, needing more attention of public health and epidemic prevention policies.
On the other hand, the early transmission of COVID-19 in Wuhan could be divide into three phrases:
Scattered infection, community spread, and full-scale outbreak. This paper can help to understand
the spatial transmission of COVID-19 in Wuhan, so as to propose an effective public health preventive
strategy for urban space optimization.

Keywords: COVID-19; social media data; sina weibo; spatiotemporal characteristics

1. Introduction

In January 2020, the novel coronavirus pneumonia, COVID-19, broke out in Wuhan, the capital of
Hubei province in China and the development of the epidemic has been a rising worldwide concern [1].
In order to slow down and block the spread of the virus, Wuhan announced a shutdown on January
23rd, 2020 to suspend the city’s public transportation and imposed an unprecedented restriction on
personal mobility. The effect of contact limitation gradually appeared after one month, which proves
that for cities with high population density, severe restrictions on population movement can play a
positive role in suppressing the spread of infectious diseases [2].

The existing researches include the spatial-temporal dynamics study of COVID-19 on the country
level [3–5], with the deficiency of the detail reveal of the characteristics in the early stage in the
urban space, which is critical for the development of prevention and control work in the city during
the epidemic. The outbreak of COVID-19 verifies that epidemic prevention in public health is an
essential part of urban planning and governance [6,7]. It is important to understand the heterogeneity
of urban space in terms of social space and geographic space in the city [8], to identify susceptible
people [9,10] and disease-prone spaces, and to grasp the dynamic spread of infectious diseases in
urban spaces [11]. Thus, preventive control nodes can deploy corresponding measures for specific
groups and spaces [12,13].

With the rapid development of information and communications technology (ICT), big data has
been widely used in the field of public health [14,15] in recent years. Social media data such as Twitter
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and Weibo data were used to study the public attention [16,17], to predict epidemic outbreak [18–20],
and to make research on human sentiments [21,22] during the COVID-19 epidemic. Compared with
traditional cases data, there are unique advantages such as the wider population sample coverage,
the easier accessibility, and the accurate geographic information. Such big data in epidemic studies
can improve the understanding of the epidemic in time and space and will play an important role in
formulating targeted urban prevention and control strategies.

In the early days of the lockdown, Wuhan, as the epidemic center, faced great challenges. The panic
caused by COVID-19 outbreak stimulated a large number of people to enter the hospital, leading to
a short-term collapse of medical system. Such a squeeze on medical resources also prevented many
diagnosed and suspected people of having COVID-19 from receiving timely treatment. More than
1000 families in Wuhan posted help information on Sina Weibo, a Chinese social media platform,
seeking immediate medical treatments. Most information was posted from February fourth to eighth,
and then decreased rapidly, when the policy that “Guarantee that all suspected and confirmed cases
should be collected and cured” was released on February fifth and a series of measures were taken by
the government to quickly supplement medical resources, including increase the number of medical
beds and medical staff supporting Wuhan (Figure 1).

Figure 1. Time-series change histogram in the early stage of the epidemic.

The geotagged Weibo data can reflect the spatial distribution of COVID-19 infectors and provided
an accessible sample data reflecting the spatiotemporal characteristics of the epidemic development.
On the other hand, mobile phone data with age tag may help to characterize the spatial distribution
of the elderly population in the study area. This article aims to analyze the spatial distribution of
COVID-19 transmission based on geographic information system (GIS) visualization [23,24] with
Weibo COVID-19 help-seekers data from February 3rd to February 12th, to explore the correlation
between the spatial characteristics of the epidemic distribution and aged population, and to analyze
the spatiotemporal features of epidemic spread. The analysis of the detailed characteristics of the
epidemic in urban space can help cities that may have or have had outbreak to better understand the
mechanism of disease transmission and it is of great significance to improve citizens’ awareness of
protection and provide certain policy references for government departments.

122



ISPRS Int. J. Geo-Inf. 2020, 9, 402

2. Study Area

Wuhan, as the capital of Hubei Province, (Figure 2a) was the earliest COVID-19 outbreak area in
China. There was a short medical run period between the lockdown on January 23rd, 2020 and the
increase in the number of medical beds and medical staff supporting Wuhan, leading to 99% of Weibo
help seeking patients being in Wuhan (Figure 3). Wuhan is located in the east of Jianghan Plain and
the middle reaches of the Yangtze River. The Yangtze River and its largest tributary, the Han River,
run across the center of the city, dividing the central urban area of Wuhan into three regions of
Wuchang, Hankou, and Hanyang, standing across the river (Figure 2b). Wuhan’s main urban area
(MUA) is the main concentration of urban function area, overlapped with the administration boundary
of sub-districts.

Figure 2. Map of the study area in Wuhan, China: (a) the geographic location of the Wuhan, China;
(b) the main urban area of Wuhan (MUA); and (c) administrative districts of Wuhan.

 
Figure 3. The distribution of Weibo COVID-19 help seeking records.

Wuhan contains seventeen sub-districts, which concludes Jiang’an (JA), Jianghan (JH), Qiaokou
(QK), Hanyang (HY), Wuhan Economic Technological Development District (WED), Hongshan (HS),
East Lake High-Tech Development District (EHD), Wuchang (WC), East-Lake Ecotourism Scenic
District (EES), Qingshan (QS), Wuhan Chemical Industry Park (WCIP), Dongxihu (DXH), Xinzhou
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(XZ), Huangpi (HP), Jiangxia (JX), Caidian (CD), and Hannan (HN) (Figure 2c). Wherein, WCIP and
HN usually statistically belong to QS and WED, respectively.

According to the epidemic data of June 11th, 2020, about 76.327% of the total cumulative cases
in Wuhan were in the MUA (Table 1), which is also the relatively concentrated area for early Weibo
help seekers.

Table 1. Case statistics of Wuhan. (As of June 11th, 2020 source: Wuhan Municipal Commission
of Health).

Districts Cumulative Confirmed Case Proportion

Jiang’an (MUA) 6563 13.037%
Jianghan(MUA) 5242 10.413%
Qiaokou(MUA) 6854 13.616%
Hanyang(MUA) 4691 9.319%
Wuchang(MUA) 7551 15.000%
Qingshan(MUA) 2804 5.570%
Hongshan(MUA) 4718 9.372%

Dongxihu 2478 4.923%
Caidian 1424 2.829%
Jiangxia 860 1.708%
Huangpi 2117 4.205%
Xinzhou 1071 2.128%

East Lake Ecotourism Scenic District 483 0.959%
East Lake High-Tech Development District 2173 4.317%

Wuhan Economic Technological Development District 1088 2.161%
Other places 223 0.443%

Total 50340 100.00%

3. Materials and Methods

3.1. Data and Preprocessing

3.1.1. Weibo Data

Sina Weibo is one of the most influential social media platforms in China. It had 486 million
monthly active users by the end of June, 2019 [25]. In the early stage of the COVD-19 epidemic, due to
the short-term collapse of medical system, Weibo opened the novel coronavirus pneumonia help
seeking channel [26] to help patients who could not get timely treatment. The help seeking records
were mainly from February 3rd to February 12th, 2020. The study collected about 1200 Weibo records
under the topic of “novel coronavirus pneumonia help-seeking” and considered valid information
including name, age, home address, time of illness, and number of people infected (Figure 4). As such,
740 records of valid information were finally obtained after data cleaning, wherein 729 records were in
Wuhan (Figure 3).
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Figure 4. An example of Weibo help-seeking information.

The spatial distribution of help seekers is obtained by geocoding (Figure 5). The data shows that a
large number of help seekers were concentrated in the main urban area of Wuhan, and a small number
of records were outside.

 
Figure 5. Spatial distribution of Wuhan Weibo help-seeking data.
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3.1.2. Mobile Phone Data

Wuhan city’s March 2017 call detail record (CDR) data with age tags was used in this study and
the spatial distribution of base stations is shown in Figure 6. The steps were as follows to obtain the
spatial distribution of the mobile phone population and the elderly population.

• We matched the mobile phone number and the user ID to eliminate all private information,
and then removed the invalid and noise data.

• We counted the base stations with the highest call frequency of users, matching the base station
code and the user ID, and summarized the number of users that the base station served.

Figure 6. Spatial distribution of base stations in the main urban area of Wuhan.

3.2. Research Methods

3.2.1. Kernel Density Analysis

The Kernel density method was applied since the Weibo data could be seen as a sample data
from total COVID-19 infectors. Kernel density analysis is capable to calculate the unit density of the
measured values of points and line elements within a specified neighborhood, intuitively reflecting the
distribution of discrete measured values in the continuous area. The result is the smooth surface with a
large median value and a small peripheral value. The grid value is the unit density, which is reduced
to 0 at the boundary of the neighborhood. Kernel density analysis can be used for service facility
accessibility [27], crime prediction [28], business analysis, etc. Its function expression is as follows:

f̂h(x) =
1

nh

n∑
i=1

K
(x− xi

h

)
(1)

where K is the kernel (a non-negative function), h > 0 is a smoothing parameter called the bandwidth,
xi is the sample point.

3.2.2. Ordinary Least Square Regression

Based on Kernel density method, the average value of each space unit is calculated. The regression
models, using the interpolation of infected people from Weibo data, the interpolation of population,
and the elderly population generated by mobile phone data in community units in the main urban area
were then constructed. The covariant explanatory variables were checked by the variance inflation
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factor (VIF) parameter, and the explanatory variables passing the P value of 1% significance level test
were obtained. The function expression are as follows:

Y = βm + β1x1 + ε1 (2)

Y = βn + β2x2 + ε2 (3)

where Y is the interpolation of Weibo infected people in the community unit, x1 is the interpolation
of population derived from mobile phone data in the community unit, x2 is the interpolation of the
elderly population derived from mobile phone data in the community unit, βm and βn are intercepts,
β1 and β2 are regression coefficients of factors, and ε1 and ε2 are random errors.

4. Results

4.1. Preliminary Analysis on COVID-19 Cases of Weibo Data

4.1.1. Demographic Statistics

There are 691 records containing age tags, wherein the maximum age was 95 and the minimum
was 11-months. Among them, the proportion of infectors between 30 and 69 was 69.47%, which was
lower than the corresponding proportion of 77.2% in the whole sample of Wuhan till February 11th,
2020 [29], and the proportion of infectors over 60 was 57.02%, which was higher than the corresponding
proportion of 44.1% in the whole sample of Wuhan, showing that the susceptible population of novel
coronavirus was mainly the middle-aged and the elderly groups. Moreover, the elderly who suffer
from basic diseases are more likely to develop into critical patients, making the elderly patients become
the group that accounted for more than half of Weibo help seekers (Figure 7).

Figure 7. Histogram of patient age distribution of case data and Weibo data.

4.1.2. Spatial Distribution

According to the statistics of the number of household infectors reported in each single record,
most records reported one to two infections, with the highest number of eight, reflecting the severity of
clustered infections in families (Figure 8). The spatial distribution of COVID-19 cases of Weibo data in
MUA showed relatively concentrated regional patterns in Hankou, northern Hanyang, and Wuchang
(Figure 9).
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Figure 8. The number of infectors reported in each of the Weibo records.

Figure 9. Spatial distribution of Weibo help seekers in the main urban area of Wuhan.

4.1.3. Time Series Statistics

Based on the number of COVID-19 infection of Weibo records and total infector reported,
the corresponding change curve by onset time from December 20th, 2019 to February 10th, 2020 was
obtained (Figure 10). It can be clearly seen that as time goes on, the absolute value of the difference
between the two increased gradually, reaching the maximum when the epidemic was in full outbreak,
around January 23rd, 2020, and then a general downward trend. It reflected that during the period
of rapid growth of the infectors from December 22nd, 2020, the isolation control measures such
as traffic restrictions and the improvement of medical facilities reduced the number of household
infections effectively.
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Figure 10. Timing chart of COVID-19 infection of Weibo records and total infector reported

4.2. Spatial Correlation Between COVID-19 Cases and Population Density

4.2.1. Kernel Density Analysis

The spatial features of COVID-19 cases and population density were visualized and compared,
with the weight of the number of infections, population, and the elderly population, respectively,
according to the Kernel density method. As is shown in Figure 11, COVID-19 cases of Weibo data
were mainly concentrated in the central area along the Yangtze river, which is similar to the spatial
distribution of population density, especially of the elderly population (Figure 11).

 
Figure 11. Kernel density analysis: (a) COVID-19 cases by Weibo data; (b) population density;
and (c) the elderly population density generated by mobile phone data.

Interestingly, the Huanan Seafood Market, regarded as the origin point of the outbreak, had not
been the geographic center of epidemic outbreak. This may be explained by the medium population
density and low density of elderly population.

4.2.2. Ordinary Least Squares (OLS) Regression

According to the urban arterial roads, traffic analysis zone (TAZ) [30], the spatial statistical unit
for urban population commuting characteristics analysis, was divided by the traffic management
department. Since there was collinearity between the population and the elderly population in the
study, the OLS model was established based on the TAZ level, using the interpolation of help seekers
from Weibo data, with the interpolation of the population and the elderly population generated by
mobile phone data, respectively. The results further verify that the distribution of the elderly population
was significantly related to the infectors, with higher adjusted R-Squared of 0.7038 (Table 2).
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Table 2. OLS diagnostics.

Variable Coefficient Stand Error p-Value Intercept R-Squared Adjusted R-Squared

The elderly 39.8216 0.5408 0.0000 7212.6697 0.7039 0.7038
population 3.2416 0.0576 0.0000 7265.7562 0.5811 0.5809

4.3. Spatiotemporal Features of COVID-19 Transmission

This paper further explored the early spatiotemporal characteristics of the epidemic transmission
based on the infection time of COVID-19 cases provided by Weibo data. Wherein, the hot spots can
be regarded as the initial pathogen transmission, and the areas with the highest density levels in
each period can be regarded as the areas with the fastest transmission of infection. The COVID-19
transmission map of Weibo data shows a clear process of three stages: Scattered infection, community
spread, and full-scale outbreak.

In the COVID-19 data of Weibo, only 3 infectors had been reported before 2020, and 25 infectors
were from January 1st to 18th, 2020. The earliest infected spots already covered all the outbreak
areas except hotspots in Hongshan district (Figure 12a), which began to appear in the second period
(Figure 12b). The result shows that before the lockdown of Wuhan on January 23rd, cases mainly
existed in the Jiang’an, Jianghan, Qiaokou, Hanyang, Wuchang, Hongshan, and Qingshan districts in
the early stage (Figure 12).

 
Figure 12. Spatial distribution of help seekers from December 20th, 2019 to January 22nd, 2020:
(a) before January 18th, 2020; (b) from January 19th to 20th, 2020; and (c) from January 21st to
22nd, 2020.

The epidemic peak appeared around January 23rd, 2020 (Figure 13a). There had been multiple
outbreak centers, and the higher ones were the hotspots in Qiaokou, Jiang’an, Wuchang, Hongshan,
and Qingshan. It was found that the epidemic outbreak areas were all high-density residential areas,
representing the entering stage of community transmission (Figure 13).

 
Figure 13. Spatial distribution of help seekers from January 23rd to 28th, 2020: (a) from January 23rd to
24th, 2020; (b) from January 25th to 26th, 2020; and (c) from January 27th to 28th, 2020.
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From January 29th, 2020 to February 3rd, 2020, it was the sub peak in several periods (Figure 14a–c).
The distribution of cases was in an average trend in all regions, with the hotspots concentrated in
Jiang’an, Jianghan, Wuchang, and Qingshan districts, being still basically within the initial range.
The number of the core density regions decreased while the range of transmission further expanded
from February 4th to February 7th, 2020 (Figure 14d,e). By February 10th, 2020, the number of patients
had been trending to single digit, and the spatial distribution characteristics were no longer typical in
terms of sampling coverage (Figure 14f).

 
 

 
Figure 14. Spatial distribution of help seekers from January 29th to February 10th, 2020: (a) from
January 29th to 30th, 2020; (b) from January 31st to February 1st, 2020; (c) from February 2nd to 3rd,
2020; (d) from February 4th to 5th, 2020; (e) from February 6th to 7th, 2020; and (f) from February 8th to
10th, 2020.

5. Discussion

The spatial distribution of COVID-19 cases extracted by Weibo data is highly correlated with the
density of population, especially of the elderly population. As the first region of the outbreak in China,
Wuhan entered the community transmission stage earlier. Therefore, it can be inferred that after the
epidemic development for a period of time, the regeneration index R0 of each district tended to be
consistent, leading to a strong correlation between the case and population. The closer relationship
between the cases and the elderly population confirms that the elderly population is the high-risk
group, consistent with the current medical observations [29,31]. Consequently, the study proposes
that the elderly, as the susceptible population with high incidence and high risk of the COVID-19,
should be the key target for active response in the epidemic prevention.

Compared with the traditional cases data, spatiotemporal data such as social media data, is more
available, more time-sensitive. Differing from the previous study in the data sources [32], the study
proposes social media data and mobile phone data to explore spatial features of novel coronavirus
transmission. Weibo data is of great significance to identify the spatial distribution of infectors and
mobile phone provides fine-scale population with age tags.
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The results indicate that:

(1) When the capita medical resources were extremely scarce, the incidence rates in urban areas
tended to be the same after entering the community transmission period. The spatial distribution
of help seekers was related to the regional population density. Since the elderly are more likely to
convert severe groups, the space distribution of help seekers had a higher correlation with the
density of the elderly population.

(2) The new coronavirus epidemic showed the obvious spatiotemporal characteristic of scattered
infection, community spread, and full-scale outbreak in the early stage, which was specifically
manifested in the process of mobile diffusion centered on the early cases found in Jiang’an,
Jianghan, Qiaokou, Wuchang, Hongshan, and Hanyang districts before January 23rd, the interior
spread of each community that forming the polycentric structure after January 23rd, and the
explosion process in which the density core area further spread later.

Compared with the research on the country level l [3–5], the spatiotemporal characteristics of the
epidemic in emerging city can help us understand the detail inter-regional interactions in the urban
space, and help other cities that are likely to have outbreaks or have had outbreaks to better understand
the mechanism of disease transmission and the relationship between urban governance and public
health epidemic prevention, so as to take appropriate protective measures in each stage, respectively.

During the epidemic period, countries have different principles for the use of privacy data in
the general policy of epidemic prevention and control. When the detailed disease data that involves
privacy issues is difficult to obtain, the spontaneous data provided by the media can be used as an
effective means to provide a certain degree of reference information for the public and government
departments. Meanwhile, due to the inaccessibility of data, we used the call detail record data
of March 2017 in Wuhan city. The inconsistency of data on the time profile may lead to a certain
difference in results, while we consider that such a time period will not change greatly in terms of
macroscopic characteristics.

The release time of Weibo help information was mainly from February 3rd to February 12th.
With the gradual completion of medical resources, help information tended to be no update. It can
be seen from the spatial correlation analysis that the help seeking data in the period had good
spatial coverage, consequently, the study believes that it can reflect the early three stages of disease
transmission in Wuhan urban space from December 20th, 2019 to February 10th, 2020 to a certain
extent. It should also be noted that, due to the small sample size of Weibo cases and the onset time
were mostly after 2020, in spite of the good sample coverage, there was still missing information.
The significance of our research is to make such an attempt on limited data, to carry out a retrospective
analysis of the development of the epidemic situation, and to analyze the possible laws of the spread
of disease in space and time, with a certain degree of verification. Therefore, if the detailed spatial
distribution information of early patients can be obtained, a complete retrospective deduction of the
spatial transmission path of the entire early epidemic can be obtained in a similar way.

Furthermore, the study can be expanded in the following aspects: (1) the further exploration of
the influencing factors of epidemic to better understand the transmission mechanism and (2) combined
with more detailed flow data to build agent model for further simulation and analysis.

6. Conclusions

In the context of the outbreak of the COVID-19 in Wuhan, the spatiotemporal mapping is of
vital importance to understand the spatial features of the new coronavirus transmission mechanism.
This study contributes to propose the combination of Weibo help seeking data and mobile phone data
to achieve the quantitative study of the new coronavirus epidemic. Help seeking mapping can reflect
the actual spatial distribution of the infectors who could not get timely treatment in the epidemic city
under the condition of the short run of medical resources in Wuhan, and help us to identify the obvious
transmission characteristics of epidemic development, which is specifically manifested in the earlier
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scattered infection, community spread, and full-scale outbreak process on the whole. Simultaneously,
the population derived from mobile phone data enables to find the high-similarity of distribution
patterns between Weibo COVID-19 cases and the elderly population, which is verified by the result
of the OLS model. Consequently, it can be used as the evidence for the elderly population groups
being the susceptible population of the new coronavirus pneumonia. Moreover, the study proposes
that elderly population should be the key target for active response in the epidemic prevention while
corresponding measures should be deployed.

In general, the study based on the usage of Weibo data, mobile phone data, and other spatial big
data resources can clearly identify the susceptible people and disease-prone spaces, and explore the
process of the spatiotemporal dynamic spread of the new coronavirus, which is helpful to provide
decision-making basis for disease prevention and control to a certain extent.
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Abstract: During an urban flooding scenario, Healthcare Critical Infrastructure (HCI) represents a
critical and essential resource. As the flood levels rise and the existing HCI facilities struggle to keep up
with the pace, the under-preparedness of most urban cities to address this challenge becomes evident.
Due to the disruptions in the interdependent Critical Infrastructures (CI) network (i.e., water supply,
communications, electricity, transportation, etc.), during an urban flooding event, the operations at the
healthcare CI facilities are inevitably affected. Hence, there is a need to identify cascading CI failure
scenarios to visualize the propagation of failure of one CI facility to another CI, which can impact
vast geographical areas. The goal of this work is to develop an interdependent HCI simulation model
in a spatiotemporal environment to understand the dynamics in real-time and model the propagation
of cascading CI failures in an interdependent HCI network. The model is developed based on a
real-world cascading CI failure case study on an interdependent HCI network during the flood
disaster event in December 2015 at Chennai, TamilNadu, India. The interdependencies between the
CI networks are modeled by using the Stochastic Colored Petri Net (SCPN) based modeling approach.
SCPN is used to model a real-word process that occurs in parallel or concurrently. Furthermore, a
geographic information system-based interface is integrated with the simulation model, to visualize
the dynamic behavior of the interdependent HCI SCPN simulation model in a spatiotemporal
environment. Such a dynamic simulation model can assist the decision-makers and emergency
responders to rapidly simulate ‘what if’ kind of scenarios and consequently respond rapidly.

Keywords: healthcare critical infrastructure; geovisualization; geographic information system;
colored petri net

1. Introduction

Understanding and rapidly responding to flood events in urban cities (cities such as Mumbai,
Chennai, Hyderabad, Bangalore, etc., in India) is important for supporting its economic growth and
resilience. An increase in unplanned urban settlements in metropolitan cities is resulting in the change
of drainage characteristics of natural drainage areas. Hence, these natural catchments are unable to
manage the increased volume of floodwater and the rate of surface runoff due to the encroachment
of wetlands, floodplains, and blockage of the drainage channels due to the disposal of solid and
liquid wastes [1]. Obstruction of floodways, natural water bodies causes loss of natural flood storage
leading to urban floods. Urban flooding can have severe implications on the interdependent critical
infrastructures. Critical Infrastructure (CI) is defined as the group of assets and technological networks
or systems such as electrical supply, water supply, transport, communication, finance, healthcare, and
information technology, etc., which are vital for the functioning of the economy and society [2–5].
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Critical infrastructure (CI) networks are not independent functioning assets; they are
interdependent. For example, the functioning of a healthcare critical infrastructure network is
dependent on the electrical supply CI, water supply CI, transport CI, and communication CI, etc. The
CI networks are large scale distributed systems interconnected with each other based on spatial or
operational interdependencies. The interdependent CI networks form a high degree of a complex
network consisting of different nodes, edges, and sets [2,3,5].

In an Interdependent CI network due to an event when a failure or disruption occurs in one of the
CI network nodes, the failure propagates to the dependent CI node disrupting the subsequent second
CI network such kind of domino effect type of failure is called as “cascading failure”. Cascading failure
arises due to a failure in one of the CI network components because of spatial or logical vulnerabilities.
Disruption of one of the CI services due to failure in one of the CI components (CI facilities such as
hospitals, electrical substations, etc.) can initiate cascading effects within an infrastructure or, in the
worst case, cause failures in other infrastructures, possibly disrupting vital services, and affecting the
security and performance of the interdependent CI services or systems [4,6]. As shown in Figure 1, an
interdependent CI network is a set of different types of complex CI networks consisting of different
sets of nodes, edges.

Figure 1. Interdependencies between the different Critical Infrastructure facilities nodes.

Each node in a CI network represents the CI facility. For example, in a healthcare CI network,
each node represents the healthcare CI facility such as hospitals. In an electrical supply CI network,
each node represents the electrical supply CI facility such as an electrical substation. The CI nodes
are connected via links representing the relationship between them. In this complex interdependent
network, the states of each CI node are correlated or are influenced by the state of the other CI node
component. For example, the failed state of a CI facility node will disrupt the functioning of an
interdependent operating CI facility node leading to a ‘cascading failure’ scenario. Such an event
leaves the decision-makers and emergency personnel underprepared to deal with the impact of such
cascading failure disruptions.
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During an urban flooding scenario, Healthcare Critical Infrastructure (HCI) represents a vital and
crucial resource. As the flood levels rise and the existing HCI facilities fiercely struggle to keep up
with the pace, their under-preparedness becomes evident. The healthcare operations are inevitably
affected by disruptions in other critical infrastructures, and we certainly need to identify cascading
scenarios and visualize the propagation of failure from one CI facility to another, which ultimately
impacts the HCI facilities. In other words, the resilience of healthcare facilities cannot be treated in
isolation but must be seen as part of a much bigger interdependent healthcare critical infrastructure
(HCI) system [7,8].

1.1. Literature Review

Extensive research has been done on the risk assessment of a single independent critical
infrastructure facility. Although such analysis has importance in risk assessment, however
interdependencies among the interlinked critical infrastructures should be considered for overall
vulnerability assessment. Various approaches and techniques are being used to model critical
infrastructure interdependencies, often based on the purpose of the outcome of the model, such as the
empirical model, agent-based model, systems dynamic model, etc. The following literature showcases
the different approaches to model critical infrastructure interdependencies. Wallace et al. [9,10] modeled
different infrastructure functionalities by using a uniform network flow mathematical representation.
Chou and Tseng [11] proposed a knowledge discovery process, where they collected each CI facility
failure history in the interdependent CI network and studied the failure patterns associated with their
failure occurrence probabilities. Jha [12] developed a Bayesian Network (BN)-based model to analyze
and predict the likelihood of a terrorist attack on the interdependent CI network. Barett et al. [13]
Studied the interdependencies generated between the transportation CI and the communication
CI due to human behavior at the time of crisis. Duenas-Osorio and Kwasinski [14] analyzed the
interdependencies between the CI networks using a time series method from the post-disaster
event utility restoration curves after the Chilean earthquake in 2010. Cardellini et al. [15] Used the
agent-based approach to understanding the interdependencies between various interdependent CI in
a single framework.

For simulation and modeling of the interdependencies between the healthcare critical infrastructure
networks so far, the numbers of published studies are less. Loosemore et al. [8] analyzed the impact of
an extreme event on an HCI facility and analyzed the interdependencies using rich picture diagrams.
Arboleda et al. [16] developed network flow models designed to assess the impact of the loss of
capability in the utility infrastructure networks on the ability of hospitals to provide adequate care
for patients. Arboleda et al. [17] represented the interdependencies between different healthcare
facilities and internal dependencies using a network flow model. John [18] developed an agent-based
healthcare impact simulation model HCSim. The simulation model is used to assess the impact of a
mass casualty event on the HCI facilities. Vugrin et al. [19] suggested that healthcare facilities need
to absorb and adapt to disruptive circumstances in several ways, for example, making the structures
more flood-resistant or ensuring sufficient physical capacity to absorb patients in a mass casualty event.
The impact of a disaster event such as flooding on the internal and external interdependencies of a
healthcare facility has been rarely addressed in the literature.

Petri Nets for Critical Infrastructure Interdependency Modeling

Petri net is a graph theory-based mathematical tool and is used to model complex network
processes and analyze their performance and behavior [20,21]. Petri nets are useful to diagrammatically
model concurrency and synchronization in distributed systems. Unlike the state machines, the state
transitions in Petri nets are asynchronous. Various types of dynamic event-driven systems have been
modeled by using Petri net, as in the real world system, events happen at the same time and the system
may have many local states to form a global state.

137



ISPRS Int. J. Geo-Inf. 2020, 9, 387

A Petri net enables a quick and intuitive representation of the different states, events, and
interdependencies between the critical infrastructure systems. The probabilistic and temporal analysis
provided by the Petri net is useful in understanding the behavior of the complex system. It offers
a promising approach towards the risk modeling and analysis of interdependencies of critical
infrastructures. Petri net approach is modular and scalable; as it is possible to add several new CI
facilities, interdependencies, activities, or events that one likes to add to an existing system. The
modeling approach provides the modeler to add more details, which means that we can model a
complex system at a finer level of abstraction, by implementing nets within nets (which are called as
subpages in the Petri net model) [22,23]. Petri nets are explained in detail in Section 2.1. Petri net in its
various extensions such as colored Petri net has been used by researchers to capture and model the
interdependency among the critical infrastructures [24–28].

Gursesli et al. [25] used the Petri net to develop a model the interdependencies among various CI
such as electrical supply, transportation, water supply, communication, education and, emergency
services. Sultana and Chen [26] studied and analyzed the interdependencies between the elements of
the infrastructure used to generate hydroelectricity such as a dam, turbine, pumping station, etc., at
the onset of a flood. The interdependencies were modeled by using an extended Petri net model and
the behavior was analyzed by using Markov chain analysis. Krings et al. [27] developed a generalized
stochastic Petri net (GSPN) for modeling the cascading failures in an interdependent CI network.
Immediate and timed transitions were used to identify a common-mode fault. The interdependencies
were modeled based on a scenario where the failure of the electrical supply CI would impact the other
interdependent CI. Chen et al. [28] modeled cyber-physical attacks on the smart grid using Petri Net.
Laprie et al. [29] provided a Petri-net model to study the interdependencies between electric supply
CI and information technology. Omidvar et al. [30] Developed a Petri net model to understand and
assess the failure risk between the various CI facilities in an interdependent CI network when an
earthquake occurs. Giglio et al. [31] Proposed the Petri net simulation model to be used to analyze,
control, and optimize a railway traffic system. Di Febbraro et al. [32] modeled the CI interdependencies
and criticality of failure events in a railway network and analyzed the vulnerabilities of the network.
Szpyrka et al. [33] modeled and evaluated the risk propagation of cybersecurity with Petri nets. Petri
net simulation has been widely used in the healthcare domain. Dotoli et al. [34] proposed a timed Petri
net model to simulate the workflow for a hospital department. Work by Hamana et al. [35] addressed
the performance evaluation and verification of a healthcare facility and its services to a specific region
or territory.

The versatility of the Petri simulation means that it can be used in a wide variety of applications.
Most of the work done considered the workflow of a healthcare facility or the simulation of the services
provided by a healthcare facility. Our work focuses on stochastic colored Petri net-based modeling and
simulating of critical interdependencies in an interdependent healthcare critical infrastructure network
during a flooding disaster event.

1.2. Core Objectives

In the last five years, many urban cities in India have witnessed a stream of extreme weather
patterns that have left an unmistakable path of destruction. Experiences from the Mumbai floods 2005,
Kashmir floods 2014, Chennai Floods 2015, and Kerala floods 2018 in India, has shown that urban flood
disasters disrupt the operations of various CI networks and services; healthcare critical infrastructure
(HCI) being one of the critical and vital among them.

During an urban flooding disaster scenario, the HCI network is called upon to provide emergency
services. The HCI facilities must be able to provide the flood victims and patients in the hospital
with medical care, pharmaceutical supplies, pathological services, intensive care services, etc., for an
extended duration and under often difficult circumstances [7]. HCI facilities are at risk of damage from
internal or external sources generated by an urban flood. Due to the disruption of lifeline services such
as electricity supply, water supply, etc., the patients treated at the impacted HCI facility have to be
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transferred to another HCI facility. Hence, there is a need to model and simulate the system dynamics
of an interdependent HCI network.

Given below is a real-life What-if Scenario showcasing the criticality of interdependencies
between HCI facility networks during a flooding scenario, and the need for a simulation model for
the decision-makers.

“A healthcare facility is flooded. The electrical substation which provides electric supply to the
hospital is inundated. Due to which the electric supply to the healthcare facility (hospital) and the
water pumping facility (water pumping station) is disrupted. Due to water pumping station disruption,
the hospital is cut off from water supply. At the same time, as a result of the increase in flood water
level, the basement of the hospital is inundated, and the backup generators became non-operational.
The loss of electrical supply, water supply, and the unpreparedness of the hospital resulted in the
operational failure of the hospital. The most affected area is the intensive care unit (ICU) of the hospital,
due to non-functioning medical equipment and an insufficient number of reserved oxygen cylinders
for the ICU patients. The ICU patients have to be evacuated in ambulances to the nearby safer hospital.
The ambulances have to transport the patients via the shortest and the safest routes”.

The end-user can query the simulation model for various flooding situation-based queries such as:

• Which CI facilities are inundated?
• What is the shortest and safest route for emergency evacuation of patients from the HCI facility?
• Which roads inundated?
• How much time is left for water supply disruption?
• What would be the cascading impact on the HCI facility if there is a failure in one of its

interdependent CI facilities such as disruption in an electrical CI substation?

From the above scenario, we observe that the interdependent HCI network is at its vulnerable
most during a flood event, and a real-time situational simulation model will help address these
vulnerabilities. There is a dire need for an interdependent HCI network dynamic simulation model
during a flood event, in a spatiotemporal environment. The model should be based on real-world
scenarios, which exhibit concurrency, synchronization, and randomness. Both internal and external
stochastic dependencies of the HCI network have to be addressed in the simulation model.

The core objectives of this work are:
To develop a stochastic colored Petri net driven geographic information system-based simulation

model, useful in understanding the status of healthcare critical infrastructures during a flooding
disaster scenario. This involves understanding the impact of different flood levels on the CI facilities
using probabilistic fragility curves and the complex stochastic interdependencies between the CIs. The
stochastic colored Petri net model is developed with various object-oriented functions and geospatial
relationships, such that the Geographic Information System (GIS) is driven by the stochastic colored
Petri net model. The coupling of the Petri net and the geographic information provides the simulation
model with the spatiotemporal dimension.

The entire complex dynamic simulation model is then encapsulated into a java based
Geovisualization interface. The utility of the approach is evaluated and analyzed using a real-world
cascading CI failure case study scenario. The case study is based on an interdependent HCI network
during the flood disaster event in December 2015 at Chennai, TamilNadu, India. The ability to have
a stochastic colored Petri net driven geographic information system based interdependent critical
infrastructure simulation model can have an impact on real-time decision-making heuristics during a
flood disaster event.

The remaining paper is organized as follows; Section 2 discusses the Methodology. Section 3
consists of the development of the Stochastic Colored Petri net (SCPN) simulation model, in a
geographical environment based on the Chennai 2015 flood disaster event case study. While Section 4
presents the results, where the model predicts the propagation of cascading failure scenarios and
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analyzes the system dynamics of an interdependent HCI network simulation model during the Chennai
2015 flood disaster event. Conclusions are drawn in Section 5.

2. Methodology

This section describes the methodology, which consists of detailed explanation of Petri net,
its variation stochastic Petri net in detail, SCPN based interdependent healthcare CI simulation
model system in a spatiotemporal environment, the proposed architectural framework of the
system; probabilistic assessment for interdependent healthcare critical infrastructure network and the
development of an SCPN driven geographic information system based interdependent healthcare
critical infrastructure simulation model.

2.1. Petri Nets

Petri net is a directed, bipartite graph as shown in Figure 2; it is a powerful mathematical tool
to model a complex process, as it provides a way to disintegrate the different states of a system as
mentioned earlier in Section 1.1. It is defined as a five-tuple (P, T, I, M, O). Where ‘P’ denotes the set
of places nodes (conditions of the network). ‘T’ stands for transitions nodes (events in the network).
‘I’ stand for input functions, assigned on the directed arcs, which connect the place node to a transition
node (input arc) and ‘O’ stands for output functions, assigned on the directed arcs which connect
the transition node to a place node (output arc) in a Petri net. Furthermore, tokens are assigned in a
place which is called network ‘marking’ indicating the existing condition of the network. Each distinct
marking in a Petri net represents a separate state of the Petri Net. An initial distribution of the tokens
in the place nodes of a Petri net is called an initial marking [20,21,36].

Figure 2. Basic Petri net.

• P= {P1, P2, P3 . . . Pn} is a set of places in the Petri Net.
• T = {T1, T2, T3 . . . Tn} is the limited sets of transitions, P ∪ T � ∅, P ∩ T � ∅.
• I:P × T→N denotes the set of Input directional arcs from place to transition, where N = {0, 1, 2 . . . };
• O:P × T→N denotes the set of output directional arcs from Transition to places.
• M:P→N denotes the marking of the Petri net, which defines the number of tokens present in the

places, M0 is the initial Marking.

An initial distribution of the tokens in the place nodes of a Petri-net is called initial marking.
Once the transition in the Petri net is enabled at the onset of a simulation run, the token is being fired
and removed from one place node (input) to another place node (output) by the transition. There
needs to be at least one enabled transition for the firing of tokens to continue or else the execution
gets stopped [21,37]. In respect to critical infrastructure interdependencies modeling, the place nodes
with the token markings, in the Petri net simulation model, represent the states or conditions of the
CI system or their components. The transitions represent the impacts across critical infrastructure
networks or their components. The CI interdependencies are stimulated by the flow of the tokens
throughout the network.
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Most of the studies that are present in the literature present us with Petri net simulation models
that showcase the interdependencies between few CI nodes, in a small CI network. These Petri nets
models cannot be used to model simulate and analyze the dynamics of the uncertainty of a large
complex system. Hence, it is not possible by such Petri net models to simulate the real-life events
which unfold during a flood event, which are discrete and stochastic. This limitation is addressed
by developing a simulation model using Stochastic Colored Petri Net (SCPN), which increases the
strength of the Petri Net and makes it possible to simulate a large real-time complex process [38,39].

The Colored Petri Nets (CPNs) [38,39] formalism is an extension of the Petri net that is particularly
suited to modeling and analyzing complex interconnected systems. In Colored Petri Net, the token
present in a place node is distinguished by a color, where color represents the datatype or type
(such as an integer, float, string, etc.). In particular, colors can be used to model different interactions
between components or transect interdependencies between them. Moreover, CPNs combines the
capabilities of Petri net with those of the Standard ML programming language [39,40]. The resulting
flexibility and computational power make them a suitable formalism for modeling the complex
interdependencies in the critical infrastructure network. More precisely since the notion of time is
essential in the problem under study, we use a timed extension of CPNs, namely, Timed Colored Petri
Nets (TCPNs). Timed Colored Petri nets allow adding timing information to CPN models; this is done
by associating the transitions in the CPN model with token firing times. Depending on the firing times,
a Petri net simulation model can be further divided as being deterministic or stochastic [24,39,41,42].
Thus, to model the stochastic interdependencies between the Critical Infrastructures, time-critical
events, and cascading effects for a real-world complex system, a timed colored Petri net is the most
suitable framework

Stochastic Colored Petri Nets

Stochastic Colored Petri nets (SCPN) contain timed transitions, which are associated with a firing
rate that specifies a parameter of the exponential distribution of the time period between subsequent
firings of the transition. Thus, SCPN can be used to model the timing behavior of an interdependent HCI
network system. The firing rates of the tokens in the SCPN are proportional to the failure probabilities
of the various components of the interdependent HCI network. In Timed Stochastic Colored Petri-Net
(TSCPN), a transition requires a period of delay time from occurrence-able to occurrence of an event.
In this context, the duration that a transition ‘t’ changes from the occurrence-able state to the occurrence
state can be viewed as a stochastic variable ‘xi’. The stochastic variable ‘xi’ represents the delay time
consumed by a certain CI for getting affected and damaged [42,43]. A detailed explanation of a TSCPN
model is given in Figure 3.

The cascading failure of the critical infrastructure nodes at various time instants forms a stochastic
process. To model the stochastic interdependencies between HCI and the other CI, we need to identify
the dependencies between the different variables. Such that when the process enters a particular state,
it remains there for some period of (exponentially distributed) time and then moves to the next state.

To identify cascading effects and model the risk occurrence, the various parameters that need
to be considered are; Probability of occurrence of the risk, the relationship between the risks and the
different CI states of the interdependent HCI network and the time duration of the state of CI node
when the risk will be in effect [7,39].

System analysis of Petri nets can be done using either analytical techniques such as Markov chain
or simulation. Analytical techniques construct the so-called reachability graph from an SCPN, which
is a labeled transition system, where each state represents a possible marking of the net. For large
complex systems system analysis using analytical models such as Markov chains becomes impossible
due to the state explosion problem [40].
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Figure 3. Example of a Timed Stochastic Colored Petri Net.

Instead, the system analysis can be performed from the quantitative data from the simulation
data of SCPNs, after a simulation run reaches predefined stop criteria. As the simulation proceeds,
the simulation model enters into different states. The state-space analysis provides knowledge about
the various states of the SCPN simulation model. The data is extracted from the different states of
the model and the events that occur during the simulation with the help of data collectors and data
monitors [39]. The semantics of a Colored stochastic Petri net is equivalent to a Continuous Time
Markov Chain (CTMC). The CTMC is constructed from the state space of the underlying SCPN by
marking the arcs between states with the state transition rates. The system analysis component depicts
the behavior of the system on its multiple simulation runs [7,39,40]. System analysis for the model
under study is explained in detail in Section 4.1.

2.2. End to End system of SCPN based Interdependent HCI Simulation Model System in a
Spatiotemporal Environment

The interdependencies between the various CI nodes are based on the logical, geographical,
and physical relationship between them. The proposed end to end SCPN based interdependent HCI
simulation model system in a spatiotemporal environment is presented in Figure 4 (more details in
Section 3).

The direct impact of an individual Critical Infrastructure (CI) facility in a flooding event scenario
is evaluated by the damage probabilities and analyzing the fragility curves. The damage probability of
the flooding event for an infrastructure facility is defined based on the fragility curve (explained in
Section 2.4). The failure probability of each critical infrastructure depends on the type and intensity
of the flooding event while considering the local terrain and infrastructure structural characteristics.
The stochastic colored Petri net simulation model presents the end-user with flood level simulation,
the impact of flood level on each critical infrastructure facility, and the stochastic interdependencies
between the HCI networks. Also, the simulation model predicts temporally, when each of the CI
facilities will reach a non-operational state due to an increase in the flood level.

The dynamics and the propagation of the cascading failures between the various complex
interdependencies between critical infrastructures related to healthcare infrastructure are visualized,
in a spatiotemporal environment. The breakdown of each critical infrastructure is monitored, and the
simulation model predicts the shutdown or collapse of the entire interdependent HCI network. The
simulation model captures each state of the process; the state-space helps in analyzing the dynamics
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and the system analysis of the process. Modeling of the external dependencies related to a healthcare
critical infrastructure is highly complex. However, the developed simulation model considers both the
external and internal dependencies of a health care facility during a flood event.

Figure 4. End to End Stochastic Colored Petri Net (SCPN) based interdependent Healthcare Critical
Infrastructure (HCI) simulation model system in a spatiotemporal environment.

2.3. Architectural Framework of the SCPN based Interdependent HCI Simulation Model

The proposed architectural framework for spatiotemporal based interdependent healthcare critical
infrastructure SCPN simulation model during a disaster is shown in Figure 5. The architecture of the
entire system is shown in a bottom to top strategy approach of information processing. Based on this
architectural framework the SCPN based interdependent HCI simulation model for the Chennai case
study has been developed, which is discussed in detail in Sections 3 and 4. The various components of
the proposed architecture have been explained in detail in the following sections.

(a) Data Level:
The data level of the architectural framework consists of different spatial geodatabases of various

CI networks such as healthcare CI, electrical substation CI, etc., are associated with the CI facility nodes.
The feature nodes of a CI facility are defined by their spatial attributes. For example, a healthcare CI
geodatabase would have information such as Healthcare Facility (HF) geographic location, healthcare
facility name, type of healthcare facility (Govt hospital, private hospital, poly-clinic, etc.), Intensive
Care Unit (ICU) services, capacity (hospital beds) and ambulance services, etc.

(b) Middleware:
The stochastic interdependencies between the HCI networks are modeled using a stochastic

Colored Petri net. The place nodes in the CSPN simulation model are linked with each other based
on different geospatial interdependency rules between the various CI facilities in the HCI network.
Geospatial relationship functions are used to connect the Petri net with the CI geographical features.
The behavior and the system analysis are derived from its state-space analysis. Where all possible
reachable states and state changes of a system model, are been identified and visualized. The CSPN
simulation model is explained in detail in Section 3.

(c) Simulation Environment:
The SCPN driven GIS-based interdependent HCI simulation model is encapsulated in java based

Geovisualization client interface. The client interface is enhanced with various visualization features
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and tools. The client interface also consists of a log window that keeps on updating the various statuses
of the CI facilities. Which are if they are operating, inundation state, or a complete failure state.

Figure 5. The proposed architectural framework for colored Petri net modeling for healthcare
interdependencies during a flood event.

Temporal analysis of the HCI simulation model, as shown in Figure 6, enables us to examine and
model the behavior of the interdependent healthcare CI network over time. For example, to determine
whether and how the CI nodes are performing, under increasing flood levels over the time period.
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For an epoch unit of time, as the states of the various nodes change in the HCI simulation model,
the visualization on the interdependent HCI network for an urban flood map changes. So for each
simulation run and every state change, a new map is generated. The dynamic maps help us to analyze
the criticality of the situation.

Figure 6. Temporal analysis of the SCPN interdependent HCI simulation model.

2.4. Probabilistic Assessment for Interdependent Healthcare Critical Infrastructure (HCI) Network

In a stochastic Colored Petri-net, a transition requires a period of delay time for an event to occur.
That is the time duration required for a transition ‘ti’ to change from state ‘S1’ to state ‘S2’. The time
duration can be viewed as a stochastic variable ‘xi’. The stochastic variable ‘xi’ represents the delay
time consumed by a certain CI for getting affected and damaged. As the firing times of the transition
in the Petri net are stochastic, then the probability with which the transition ‘ti’ will fire by time ‘xi’
should be computed based on the distribution function of each transition as following:

f (Xi) =

∫ Xi

0
f (x)dx (1)

where f (x) is the probability density function of the firing for transition ‘ti’. For example, if the failure
rate of a CI facility for a flood event corresponding to a transition ‘ti’ follows an exponential distribution,
then the probability that transition ‘ti’ will fire by the time ‘x’ is:

f (Xi) =

∫ Xi

0
λie−λixdx (2)

As the simulation model is based on an urban flood scenario, the CI nodes would reach a failed
state due to increasing flood levels. Once the CI unit reaches a failed state, it would remain in that state
until a repair action is initiated to restore the CI node to a working condition. During an urban flood
scenario, the repair time of the CI node takes quite some time. As foremost, the flooding has to be
controlled, so we are not considering the time taken to repair the CI node.

However, as we are simulating the domino effect of the interdependent CI network from the onset
of the flood, we are interested in the time to failure component of the CI node. That is the instant
at which the CI node experiences failure. These time instants are random variables, linked to the
probability of an event.
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Let us consider a CI node facility (electrical substation ‘A’) from the electrical supply critical
infrastructure network. Considering the electrical substation at time t = 0 is in operating condition,
the instant at a time at which it will eventually fail is a continuous random variable X ≥ 0. Where ‘X’
represents the time to failure of Electrical substation A. ‘X’ is a random variable, and its range is the set
of all positive real numbers, including zero (X ∈ R+ ∪ {0}) [22,24,44].

The cumulative distribution function (CDF) FX(t) of the time to failure ‘X’ is defined as

FX(t) = P{X ≤ t} (3)

The probability density function (PDF) of the random variable ‘X’ is given by

fX(t) =
dFX(t)

dt
(4)

The hazard rate of a random variable ‘X’ is defined as the conditional probability that ‘X’ takes a
value in the interval (t, t + dt), given that X > t. Where ‘X ‘is the time to failure of a unit, the hazard
rate is called as the failure rate and is denoted by ‘λ’. The failure rate of a CI facility node gives us the
probability that the failure will occur in the next unit of time [31,33,35].

The time to failure is a random variable, while the Mean time to failure is the expected value, the
units of which are time units (e.g., hours). The mean time to failure (MTTF) is defined as follows:

MTTF = H[X] =

∫ ∞
0

t. fX(t) dt (5)

Considering that the random variable ‘X’ is exponentially distributed with the failure rate ‘λ’,

f (t) = λe−λt (6)

MTTF = H[X] =

∫ ∞
0

t. f (t)dt = λ
∫ ∞

0
t.e−λt (7)

Integrating by parts gives us

MTTF =
1
λ

(8)

MTTF is measured as the likelihood of a system to fail and is represented as units of hours. It is
used as a measure to understand the availability and reliability of the systems.

3. Development of Interdependent Healthcare Critical Infrastructure Network Simulation Model

The utility of the SCPN based interdependent HCI simulation model during a flooding disaster
is shown using a comprehensive case study of a real-world situation. Using the developed system
the critical infrastructure failure metric is measured, and the propagation of cascading failures in the
Chennai area during the flooding event in December 2015 is evaluated, analyzed, and visualized in
a spatiotemporal environment. The real-world case study showcases the dire need of the proposed
simulation model system.

3.1. Healthcare Critical Infrastructure Interdependency during Chennai Flood 2015—Chennai, India

Chennai is located in the southern part of India and is the capital city of the Tamil Nadu state. It is
one of the four major metropolitan cities of India. The city of Chennai and its suburb areas received
heavy rainfall events during November–December 2015 that inundated the districts of Chennai,
Kanchipuram, and Tiruvallur. Around midnight of 2 December 2015, land in more than 4 km radius
around Adyar River, which flows through the center of Chennai was underwater.

RISAT-1 satellite data of 3 and 4 December 2015 was acquired from the National Remote Sensing
Centre (NRSC), Disaster Division, Hyderabad, India. The satellite data was analyzed, and the flood
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inundation layer was generated. Different thematic layers of various CI facilities (example, hospitals,
electrical substations, etc.) were overlaid with the flood inundation layer to generate the Chennai flood
inundation map. The inundated healthcare facilities map of Chennai city during the Chennai Floods
2015 is shown in Figure 7.

Figure 7. Inundated Healthcare facilities in Chennai during the Chennai Floods 2015. (3 December 2015
and 4 December 2015).

As floodwater levels rose in Chennai, large geographic areas got inundated; the red zones in the
map show the substantial inundated regions. Critical infrastructure networks and normal life had
come to a halt. Houses, hospitals, roads were flooded, communication networks went down, and there
was extensive damage to the electrical power supply. The inundation and flooding of large areas of the
Chennai city and suburbs of the adjoining two districts caused disruption of services from existing
drinking water supply systems. On account of the inundation of large areas in the city and consequent
submergence of the electrical distribution system in floodwater, most of the electrical substations
were shutdown. As there was extensive damage to the electrical power infrastructure in Chennai, the
electrical supply to the Chennai city was disrupted. Most of the electrical substations reported a rise of
floodwater more than 4 feet.

3.2. Case Study: Interdependent HCI Network during Chennai Floods in 2015

The case study consists of a health care CI facility (hospital) in Chennai and its interdependent
CI services such as electric supply CI (electric substations) and water supply CI (water pumping
stations). The hospital is located in Chennai and the name of the geographical area and hospital and
its interdependent CI facilities are kept confidential. During the Chennai floods 2015, the operation
of the healthcare facility (Hospital A) and its interdependent CI also failed due to the increase in the
flood level, however as the healthcare facility (Hospital A) was prepared for such adversities, they
could evacuate the patients to a safer hospital with the help of boats and ambulances. The simulation
model is been used to study another interdependent HCI network during Chennai floods, however,
the example is not shown in this article. The following section describes the case study in detail.

Hospital A—Chennai floods 2015: Hospital A is situated in the marshlands of Chennai. The
hospital is connected to the main road via a 2 km arterial road. Due to heavy rains from the 15th of
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November 2015, there was significant flooding of low-lying areas. The hospital was briefly cut off from
the main road. Elective procedures got stopped, but the care of the inpatients was not affected. The
number of patients admitted to the hospital was under 100 because of elective admissions due to high
rainfall. However, on 1 December 2015 news regarding breaching a major lake near the hospital was
reported to Hospital A. The 2 km arterial road which connects the hospital to the main road started
flooding and in few hours, the hospital was surrounded by 8 feet deep water [45].

The healthcare machinery was placed in the rooms on the ground floor of the hospital. Due to
flooding, these rooms were inundated. The Electrical Substation A which supplies electrical supply to
Hospital A was submerged in floodwater, due to which the electrical supply to Hospital A got disrupted.
However, as the hospital authorities were disaster prepared, they could estimate the CI dependencies
and evaluate the response time. The patients were being evacuated from Hospital A with the help of
fishing boats and then transported to safer healthcare facilities via ambulances.

3.3. Assessing the Flood Risk at Individual Critical Infrastructure Facilities

The uncertainty around the response of critical infrastructure facilities to flood hazard makes it
logical to use probabilistic fragility curves. The fragility curves are developed after analyzing the critical
infrastructure facility’s performance in response to the intensity of the flood hazards experienced.
Fragility curves for the CI facility are developed to understand the probability of failure of the CI
facility for a flood level. There are many methods to create fragility curves. However, as there are
several CI facilities, it is not possible to analytically model each CI facility. Hence empirical data from
past flooding events are the main source of information [46,47]. We can develop the fragility curves by
analyzing the empirical data from past events, and engineering judgment is viewed as a last resort due
to the subjective results it produces [46]. Hence, engineering judgment will only be used where there is
no empirical data. And the relationship between the flood hazard and CI facility impact can be easily
envisaged (e.g., the depth of water required to close an electrical substation).

3.3.1. Impact of Flooding on Electrical Supply Critical Infrastructure (Electrical Substation)

To analyze the impact of flooding on electrical substations, we should have the information about
the location of the substation and the height of critical electrical equipment. According to Indian
electricity rules the formation level (FL) of an electrical substation has to be fixed at a minimum of
600 mm higher than the surroundings based on the drainage conditions and the highest flood level in
the area [48]. However, the information on failures is less and mainly in the form of the CI facility
and news reports. According to the Federal Emergency Management Agency (FEMA) report [47],
the functionality threshold depth for an electrical substation is 1.2 m. In a case study referring to
electrical substations of a national grid [49], most of the substations had the resilience to flooding to an
approximate depth of 0.3 m. By the information, from the experts working in the electrical substations;
most of the substations in Chennai would shut down if the flood depth increases more than 0.5 m. The
electrical supply CI facilities considered for the case study are as follows: Electrical Substations which
supply electricity to Hospital A.

• Electrical Substation A [110/33/11 kV, Date of commissioning: 1 April 1992].
• Electrical Substation B [230/110 kV, Date of commissioning: 13 May 2010].

As the oldest substations commissioned is Electrical Substation A. The flood events, rainfall data
after the year 1992, and few assumptions are considered to plot the probability of failure for Electrical
Substation A. Table 1 below shows the probability of failure of substation for different flood levels. The
fragility curve plot for Electrical Substation A, for various flood levels, is shown in Figure 8. The fragility
curve plot shows that the flooding of the substation would start at 0.1 m and the probability of ‘1’
indicates the complete shutdown of the substation due to flooding.
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Table 1. Probability of failure of Electrical Substation A for different flood levels.

Flood Level (m) Probability of Electrical Substation ‘A’ (110/11 kV) Flooding

0.1 0.333
0.2 0.475
0.3 0.67
0.4 0.84
0.5 0.968
0.6 1
0.7 1

Figure 8. Fragility curve plot for Electrical Substation A (110/11 kV).

3.3.2. Impact of Flooding on Healthcare Critical Infrastructure (Hospital)

To analyze the impact of flooding on an HCI facility, data about the location of the HCI facility
has to be known. The level of flood inundation level, which can affect the functioning of the healthcare
facility, should also be known. As explained earlier in Section 3.2, Hospital A is situated in the
marshlands of Chennai, close to a major lake. In 2015 floods Hospital A was surrounded by 8ft water.
During the field visit, it was observed that the hospital is divided into two buildings having two floors
each. The hospital equipment on the ground floor was affected due to 2 ft floodwater. Information
collected by various sources concludes that Hospital A would get flooded if the flood level is around
0.6 m approximately to 2 ft. An example is given below to calculate the probability of reaching the
state of flooding for Hospital A.

Number of Occurrence of a flood level of 0.6 m or more = 20
Number of times that Hospital ‘B’ has reached the flooding state = 9
Probability of reaching the state of flooding for Hospital B = 9/20 = 0.45

3.3.3. Impact of Flooding on Water Supply Critical Infrastructure (Water Pumping Station)

To analyze the impact of flooding on water pumping stations, we should know the level of
floodwater level, which will cause the pumping station to stop operating. The probability of flooding
of the water pumping station at Hospital A is calculated as follows; As the pumping station is present at
the same elevation as Hospital A, the flood level at which the hospital will get inundated the pumping
station would also reach the inundation state at the same elevation.

By analyzing the impact of flooding on each critical infrastructure, one can estimate the probability
of failure of a CI facility as explained in Section 2.4. The probability of failure of a CI facility is used for
providing the time delay to the transitions in the simulation model. Table 2, showcases the various
timed transitions and their corresponding failure rate in our stochastic colored Petri net model.
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Table 2. List of few timed transitions in the interdependent HCI stochastic colored Petri net.

Transition Description Transition Rate (λ)

T1 Occurrence of Flood Deterministic
T9 The occurrence of flood affects Electrical substation A (230/110 kV) 0.96
T10 The occurrence of flood affects Electrical substation B (110/11 kV) 0.96
T11 The occurrence of flood affects Hospital A 0.45
T8 The occurrence of flood affects Water pumping station A 0.45

T10 Failure in Electrical substation A affects Electrical substation B 1
T12 Failure in Electrical substation B affects Water pumping station A 1
T13 Failure in Water pumping station A affects Hospital A 1

3.4. Stochastic Colored Petri Net (SCPN) Simulation Environment

This section describes the development of the stochastic colored Petri net model, and how the
model was used to evaluate the performance of the interdependent healthcare critical infrastructure
network for the Chennai Floods 2015 case study. The impacts of the risk mitigation strategies under
different levels of model parameters are observed. As mentioned earlier, the interdependent healthcare
CI network-based Stochastic colored Petri net is based on the case study mentioned in Section 3.2.
Following are the subnets:

• Flood Simulation.
• HCI with other CI Interdependency Network.
• HCI Internal Dependencies.
• Status of the Entire Network.

(a) Flood Water Level Simulation Subnet:
As flood level in any area depends on a few variables such as rainfall, soil conditions, wind,

temperatures, etc., it is considered as a random variable. It is found that there is an increase in flood
levels at random intervals of time. The interdependent CI places nodes in the Petri net-based simulation
model represent the states of the different CI facilities such as Electrical substation A, Water Pumping
station A, Hospital A. In our case study, the CI facilities are located at different geographical locations
with different elevations. The CI facilities are inundated at different flood water levels and at random
intervals of time, considering the elevation of the CI facility. For example, Hospital A gets flooded for
an elevation of 2 ft at time t1. However, Electrical substation A might get flooded at an elevation of
3 ft at time t9. As mentioned earlier the Petri net simulation model is been divided into four subnets.
The flood simulation subnet simulates the flood levels at the various CI facilitates located at different
elevations. In the flood simulation subnet, as shown in Figure 9 the flood levels vary upon the intensity
of the rainfall and the geographic area, if the rainfall intensity is high then the CI facilities will get
inundated at a faster rate than the rainfall at a lower intensity. Considering the Electrical substation A
would get flooded at 3 ft, as shown in Figure 8. The token from the ‘Flood simulation subnet’ arrives at
‘ES1 place node’ indicating the rising flood levels at the Electrical substation A CI facility. The token is
fired from the ‘ES1 place node’ to the ‘transition t9’.

The ‘transition t9’ is a timed transition, where the token is fired following an exponential time
delay function (the rate at which the CI facility will get flooded). The transition rate is calculated based
on the calculations (mentioned in Sections 2.4 and 3.3 earlier). For example, the rate at which the CI
facility Electrical substation A will get flooded is 0.64 (the time delay for various transitions has been
explained in Table 2 in Section 3.3.3). As the flood level at the Electrical substation A reaches 3 ft level,
the ‘transition t9’ fires a token with a random timestamp to the ‘flooded ES1 place node’. The ‘flooded ES1
place node’ gets enabled, as the token arrives at the place node, indicating the inundation of CI facility
Electrical substation A.
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Figure 9. A snippet of the Flood Simulation Subnet.

(b) HCI with other CI Interdependency Network Subnet:
The case study from Section 3.2 is implemented by building a stochastic colored Petri net

simulation model, as shown in Figure 10. The HCI with other CI interdependency network subnet is
the main subnet where the cascading failure scenario from the case study has been implemented. The
various CI facilities nodes in an interdependent HCI network considered for the simulation model are
the following,

• Electrical Substations = 2 nodes.
• Hospitals = 2 Nodes
• Water Pumping station = 1 node
• Control Room (Command Centre) = 1 nodes
• Ambulances = 4

The flood simulation subnet provides the “HCI with other CI interdependency network subnet”
with the flooded CI facilities place nodes. Given below is an explanation of the cascading failure
simulation of Hospital A and its interdependent CI services form the “HCI with other CI interdependency
network subnet” Inundation of the Electrical substation A results in the non-operational state of Electrical
substation A.

The non-operational state of Electrical substation A enables the ‘transition SF1’ to fire a token to ‘P4
place node’. The presence of a token enables the ‘P4 place node’, which represents the state of electrical
service disruption to Electrical substation B due to failure in Electrical substation A. The impact of the
cascading failure of Electrical substation A on Electrical substation B is simulated by firing the token from
the ‘P4 place node’ to ‘transition SF2’. For the Electrical substation B to go into a complete non-operational
state, the electrical supply form Electrical substation A should be disrupted and the Electrical substation
B should be inundated. The Electrical substation B will get inundated when the ‘flooded ES2 place
node’ will get enabled on receiving the token from the ‘flood simulation subnet’. As the ‘transition SF2’
receives tokens from ‘P4 place node’ and ‘flooded ES2 place node’, the Electrical substation B reaches a
non-operational state.
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Figure 10. Interdependent healthcare critical infrastructure network colored stochastic Petri net.

The failure of Electrical substation B disrupts the electric supply to the Water Pumping station A
and the Hospital A. This is simulated by the firing of tokens from the ‘transition SF2’ to ‘place node P5’
and ‘place node P6’ which represent the state of electric supply disrupted to Water Pumping station A
and Hospital A respectively. Another token is fired from the ‘transition SF2’ to the Petri net subnet
“Status of the Interdependent HCI network” which indicates the failure of the electrical substation ‘B’ CI
facility node in the interdependent HCI network. Similar to the electrical substations’ failure, the water
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pumping station arrives at a non-operational state due to a cascading failure scenario. Due to the
disruption of electrical and water supply services, Hospital A is affected.

A healthcare CI facility such as Hospital A is not only dependent on external CI services such
as electrical supply and water supply but also internal dependencies (explained in Section 3.4 (c))
such as oxygen supply, backup generators, battery supply, food, water, etc.). Hospital A checks for its
internal dependencies on the “Internal Dependencies Subnet” of the HCI simulation model. The internal
dependencies subnet (explained in Section 3.4 (c)) checks the internal dependencies in the hospital
required for the operation of the hospital until the emergency services arrive.

The status results from the “Internal Dependencies Subnet” is been then communicated to the rescue
command center requesting evacuation of patients from Hospital A to Hospital C. The command center
checks in for the nearest ambulance available and sends it to the impacted hospital for the evacuation
of patients. The nearest ambulance reaches the Hospital A for evacuation, choosing the shortest route
and sends a message to the command center about reaching its destination. The ‘transition HS1’ fires
another token when enabled to the subnet “Status of the Interdependent HCI network” which indicates
the failure of the Electrical Substation A node in the interdependent HCI. Few of the different place
nodes in the subnet; the description is given in Table 3.

Table 3. Description of Few place nodes (states) in the Interdependent HCI network SCPN Subnet.

Sr.No
Name of the State

(Place Node)
State (Place Node) Description

1 Flooded ESI The place node indicates the inundation state of the Electrical substation A
due to an increase in the flood level.

2 Flooded ES2 The place node indicates the inundation state of the Electrical substation B
due to an increase in the flood level.

3 Flooded PSI The place node indicates the inundation state of Water pumping station A,
due to an increase in the flood level.

4 Flooded HSI The place node indicates the inundation state of Hospital A, due to an
increase in the flood level.

5 P4 The place node indicates the non-operational state of the Electrical substation
B (Substation is inundated and electric supply is disrupted).

6 P5 The place node indicates the electric supply disruption at Water pumping
station A, due to the non-operational state of Electric substation B.

7 P6 The place node indicates the electric supply disruption at Hospital A, due to
the non-operational state of Electric substation B.

8 P7
The place node indicates the non-operational state of the Water pumping
station A (water pumping station is inundated and electric supply is
disrupted).

9 P8 The place node indicates the non-operational state of Hospital A, due to the
inundation of hospital, electric supply, and water supply disruption.

10 Interdependent
HCI network status

The tokens arriving at the place node indicate the non-operational state of
the various CI facilities with the time stamp. The place node connects to the
HCI network monitoring status subnet.

(c) HCI Internal Dependencies Subnet:
The operation of a healthcare facility depends not only on the other interconnected critical

infrastructure facilities but also on a similar web of internal dependencies. The “HCI internal
dependencies subnet” of the simulation model simulates the various internal dependencies of a healthcare
facility. Figure 11 shows the subnet of the SCPN, considering the HCI internal dependencies, whereas
the description of the place nodes is given in Table 4.

153



ISPRS Int. J. Geo-Inf. 2020, 9, 387

 

Figure 11. Healthcare critical infrastructure internal interdependencies.

Internal dependencies are related to the operational functionalities inside a healthcare facility such
as back up electrical generators, food, and water supply, pharmacy supply, battery backup, oxygen
supply, communication, disaster protocol, etc. For example, when an electrical CI facility node (for ex:
Electrical Substation A) is flooded, and the electrical supply to the corresponding HCI facility node (for
ex: Hospital A) is disrupted. The electrical backup generators have to start supplying electricity to the
healthcare facility. The probability of failure and the time to failure for such generators should also
be considered.

The failure of these dependencies requires immediate evacuation of patients to another safer
healthcare facility. When the ‘transition healthcare CI’ is enabled on the “HCI with other CI interdependency
network” subnet is triggered, due to unavailability of electrical CI and water supply CI (for ex:
Water Pumping station A) and inundation of the HCI facility (for ex: Hospital A) the “HCI internal
dependencies subnet” is triggered. The “HCI internal dependencies” simulation model checks all the
internal dependencies and then depending on the status of the severity of emergency at the hospital.
The command center helps in evacuation of the patients to a nearby safe healthcare facility (for ex:
Hospital C).
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Table 4. Description of few place nodes in the Internal Dependencies of an HCI facility Subnet.

Sr.No
Name of the State

(Place Node)
State (Place Node) Description

1 Hospital Alarm Raised
The place node indicates that the alarm state of the hospital, as the
model predicts the time until the hospital might run into a
non-operational state.

2 Patients shifting The patients are shifted to secure or higher locations in the hospital,
till emergency evacuation takes place.

3 Pharmacy status The state indicates the available pharmacy status at the hospital.

4 Backup Electrical
Generators status

The place node indicates the status of the backup electrical
generators at the hospital.

5 Power Battery Status The place node indicates the status of the Power Battery Status at
the hospital.

6 Oxygen cylinders The place node indicates the status of the Oxygen cylinders at the
hospital.

7 Communication The place node indicates the status of the communication lines at
the hospital.

8 Food and drinking water The place node indicates the current status of the Food and drinking
water to sustain at the hospital, till evacuation.

9 Back up water supply The place node indicates the status of the Backup water supply at
the hospital

10 The status of nearby roads The place node indicates the status of the nearby roads (Transport
CI) to the hospital, if they are inundated or not.

11 Emergency Evacuation
planning

After checking the internal dependencies, the hospital reports about
its status to the command center for emergency evacuation

(d) Status of the Entire Network Subnet:
The status of the entire network subnet of the simulation model, as shown in Figure 12, monitors

the performance of the various interdependent CI nodes. During the simulation as the CI, facility
nodes reach to failure state due to the flood inundation and disruption of CI services. By analyzing
the data collected from various simulation runs. We can estimate the meantime to failure of Electrical
substation A. The interdependent CI nodes fail at different intervals of time. Every CI node will fail at a
particular random time for every simulation run. Considering the mean of all the time to failure of a CI
node for ‘n’ number of simulations will give us the meantime to failure (MTTF) of a CI node. Table 5
describes the CI facility breakdown states in the HCI interdependencies status monitoring subnet.

The place nodes “ES1 down” on the “Status of the entire network” subnet indicate the breakdown
of Electrical substation A. Similarly when all the CI node failure transitions are triggered, it indicates
that the CI nodes are disrupted and are not in operating status. This results in the collapse of the
interdependent healthcare critical infrastructure network, for ‘n’ number of simulations, one can
estimate the meantime to failure of the interdependent healthcare critical infrastructure network.
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Figure 12. A snippet of HCI interdependencies status monitoring subnet.

Table 5. Description of CI facility breakdown states in the HCI interdependencies status
monitoring subnet.

Sr.No
Name of the State

(Place Node)
State (Place Node) Description

1 ESI Down The place node indicates the complete failure state of the Electrical substation A.
2 ES2 Down The place node indicates the complete failure state of Electrical substation B.
3 PSI Down The place node indicates the complete failure state of Water Pumping station A.
4 HSI Down The place node indicates the complete failure state of Hospital A.

4. Results

This section presents us with the results of the simulation model. System analysis of the simulation
model in Section 4.1 analyzes and evaluates the temporal dimension of the SCPN based HCI simulation
model based on the Chennai floods 2015 case study, whereas the spatial dimension is presented in the
Section 4.2 SCPN based interdependent HCI simulation model driven geo-visualization interface.

4.1. System Analysis of the SCPN based Interdependent HCI Simulation Model

Dependability system evaluation analysis is devoted to investigating the possible manifestations
of failures (when and how they can occur) and their impact on the system. The analysis is also
used to prevent such failure disruptions and ways to mitigate them. Dependability system analysis
provides us with solutions to evaluate the probability and the time of the first occurrence of such a
catastrophic condition.

(a) Prediction of Time to Failure of a Critical Infrastructure Facility during a Flood Event
The simulated data is extracted from the states of the model and from the events that occur during

the simulations. The extracted data is used to calculate the failure metric of the CI facilities and analyze
the behavior of the complex model. During a simulation, the stochastic colored Petri net can contain
and generate quantitative information about the performance of a system, such as the meantime to
failure (MTTF) of a CI node, the number of tokens at the node place signifying the utilization of the
CI node, etc. The data from the different transitions is collected by using a different data collector
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monitor for various CI nodes. The data collector monitor extracts numerical data from the simulation
model and calculates statistics for the data, which is collected for a transition. For example, The ES1
MTTF data collector monitor in the HCI simulation model collects data about the time to failure of the
Electrical substation A (ES1) place node for the ‘n’ number of simulation runs.

The Electrical substation A (ES1) marking size monitor measures the number of tokens present in
the Electrical substation A place node in the Petri net model. The monitor calculates the performance
measure such as the average and a maximum number of tokens which are present in the Electrical
substation A (ES1) place node during ‘n’ simulation. This failure measure would help us to analyze the
availability of the critical infrastructure node for service.

The results of the system analysis of the simulation model are calculated for a simulation period of
3 days of rainfall and flooding (a total of 72 h). As the simulation model is built to perform simulation
indefinitely, a breakpoint monitor is required to stop the simulation. The breakpoint monitor in the
Petri net model stops the simulation as per the duration required (in our case study the simulation
duration was considered for 3 days (72 h).

The data from different monitors in the CPN Tools are written in different text files and a single
folder for one set of simulations. Given below in Table 6 is the meantime to failures of the various CI
nodes of the interdependent healthcare critical infrastructure network, for a section of the urban city
Chennai during the urban flood of 2015. An example of the results shown in Table 6 is as following;
Analyzing the simulation results we see that as the flood levels started increasing, the first failure
occurs in Electrical substation A (230/110 kV) in 4.5 hours from the onset of the flood.

Table 6. Mean Time to Failure of the various CI nodes of an Interdependent HCI network, during an
Urban Flood Chennai Case study.

Critical Infrastructure Node Mean Time to Failure (MTTF) (hr)

Electrical Substation A (230/110 kV) 4.5
Electrical Substation B (110/11 kV) 7.4

Water Pumping station A 8.20
Hospital A 8.70

Due to the failure of Electrical substation A and increasing flood levels Electrical substation B
(110/11 kV) is affected. The electric supply to Hospital A provided from Electrical substation B will
get disrupted in 3 h, as it would take around 7.5 h for Electrical substation B to reach a complete
non-operational state from the onset of the flood.

The Water Pumping station A is geographically located closer to Hospital A and due to the shutdown
of Electrical substation B, the electric supply to the water pumping station is disrupted. The estimated
time for the complete non-operational state of Water Pumping station A is 8.20 h from the onset of
flooding. This shows that the water supply CI facility reaches a failure state an hour after the failure
of the Electrical substation B. From the simulation results, we can infer that show that the time for
Hospital A to reach a non-operational state is around 8.7 h from the onset of the flood. There is not
much variation for the time taken to reach a non-operational state between Hospital A and the Water
Pumping station A. This is because both Hospital A and the Water Pumping station A are located in the
same geographic area. As the hospital gets inundated, from the simulation results we can infer that
the hospital authorities can estimate that they have 3 h (approx.) for electric supply disruption, and
around half an hour left for the water supply disruption. The estimation of the time frame can help the
hospital authorities to arrange emergency services for the evacuation of patients and disaster prepare
the hospital with the backup resources available.

The simulation model is integrated with the geographic information system, and a log window
keeps on updating the status of the CI facilities if they are in an operating, inundation state, or a
complete failure state. When the electric supply and water supply get disrupted to either of the
hospital CI facilities, the hospital CI facilities check for the internal dependencies such as back up
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electrical generator, battery backup, oxygen cylinders, etc. The hospital CI facilities then request the
command center for the evacuation of patients. The command center alerts the ambulance services as
the hospital is reaching a failure state for the evacuation of patients. The GIS system (explained in the
next Section 4.2) shows the evacuation route to a safer hospital and the same is been updated on the
log window.

(b) State Space Analysis Queries for the Simulation Model
The simulation model is quite complex, as it enters into many states. The state-space for the

simulation model is vast. However, we can query from the state space graph about the different states
of the entire simulation model. For example, if the user wants to know the minimum path from the
state where the Electrical substation A has inundated to the state where the entire interdependent HCI
network has failed. For example, if the state where Electrical substation A is inundated is node 16
and the entire HCI network failure state node is 89 the minimum path is: [16;25; 56;76,89]. From the
simulation runs we see that the failure in the electric supply CI network will increase the vulnerability
of water supply CI networks. The failure of both electric supply CI and water supply CI will have
a perilous impact on the HCI network. The performance simulations show that as the number of
interdependencies in an interdependent HCI network increases, the more vulnerable they are.

4.2. SCPN Driven Geographic Information System

A CI facility such as a hospital, electrical substation, road, etc., in the real world, is mapped into
a Geographic Information System (GIS) as a critical infrastructure geo-entity. The CI geo-entity is
characterized by the type of critical infrastructure facility (such as a hospital, electric substation, water
pumping station, a road segment, etc.), the geographic attributes (for example; name, represented by a
polygon, point, or a line, location coordinates, etc.). The geographic attributes of a CI geo-entity are
important, as the attributes help in linking the CI geo-entity to a unique spatial location and context
of its environment. For example, a hospital CI geo-entity is represented as a point feature with its
geographical and other attributes such as the location of the hospital, type of hospital, the capacity
of beds, etc. A network of such hospital CI geo-entities would represent a thematic dataset of the
hospital network.

In a stochastic colored Petri net driven geographic information system, spatial data layers
related to the different CI networks such as electrical supply CI network (the geolocation of electrical
substation), water supply CI network (the geolocation of water pumping station, geographic area of
water bodies) and healthcare CI network (the geolocation of healthcare facilities) are combined for visual
exploration of complex datasets. A JAVA (www.oracle.com/java) code is developed by using CPN tools
(www.cpntools.org); Simulator Extensions Java library and Geo-Tools (www.geotools.org), which is an
open-source Java, for an SCPN driven GIS simulation model. The interdependent SCPN simulation
model communicates with the GIS system using the TCP/IP protocol, which is an implementation of
the remote procedure call (RPC) system. Figure 13 showcases the dynamic data exchange between the
SCPN simulation model and the geographic information system.

The stochastic interdependencies in the SCPN model are based on various geographical and
logical based interdependency rules. Object-oriented based geospatial functions are developed such
that the place nodes in the SCPN model are spatially registered, with the CI geo-entities, and the
geolocation is color-coded.

The entire SCPN driven GIS model is encapsulated in a JAVA based client interface for
Geovisualization as shown in Figure 14, various geospatial-based interactive components are added on
the client interface such as zoom in zoom out. Dynamically add notes and markers, switching between
different map layers and pan to control the display within its context, can be used by the end-users.
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Figure 13. Stochastic Colored Petri net model-driven Geographic Information System.

The guard functions of the transition in the SCPN simulation model are based on the geospatial
relation function. These guard functions act like a constraint; once the transition is enabled and the
token is fired, the transition returns a Boolean result. Given below in Figure 15 is an example of a
transition ‘HS1’ and a guard function assigned to it. The transition ‘HS1’ will get enabled to fire a token
only when all the constraints are met. The transition first checks the CI geo entity, if it is Hospital A.
When the first constraint is met, then the transition checks the region (polygon) in which the hospital
A is located in. Then it would check the condition of the region if it is flooded or not. Based on the
query and when the transition is fired, the geographic region on the GIS client interface is highlighted
by changing the color scheme indicating the geographic region where Hospital A is situated in is
“Flooded”.

Figure 14. Geo-visualization client interface For Interdependent HCI Petri Net Simulation Model -
Chennai Case Study.
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Figure 15. Transition HS1 in the SCPN model with geographical based constraints.

Various queries form the interdependent HCI SCPN simulation model can be queried with the
help of different geometric, feature type, and attribute functions. The SCPN driven GIS simulation
model can perform various GIS-based analyses such as attribute-based analysis, node-based analysis,
spatial area-based analysis, and network-based analysis.

(a) SCPN driven GIS-based Attribute Analysis for Interdependent HCI Network
The spatial knowledge related to CI facilities in the Interdependent HCI CI network is queried

from the CI spatial databases. The various place nodes in the Interdependent HCI SCPN simulation
model are registered with CI spatial databases. The geospatial relationships based on the geometry
of geo-entities and the geospatial based object-oriented functions in the Petri net provides the HCI
simulation model with the capability of attribute analysis. The simulation model can query the
CI related geographic attribute information (For ex: CI facility such as hospital location, electrical
substation location, water pumping station location, etc.). A geodatabase related functions provide the
end-user with attribute information about a specific CI facility in a certain geographic location.

(b) SCPN Driven GIS-based Node Analysis for Interdependent HCI Network
The geospatial functions related to the distance between two nodes provide us with information

about the distance between two different CI facilities, for example; the functions display the distance
between a hospital A and hospital B for the evacuation of patients. The node (point) based analysis can
provide information about the attribute of the point feature, for example for node hospital A, the node
base attributes provide information about the type of hospital, the capacity of the hospital, etc. As
the place nodes are spatially registered, with the CI facilities, and the geolocation is color-coded. The
change in the place node marking in the Petri net model would result in the change in the color scheme
of the CI data objects on the GIS-based client interface. For example; The color scheme associated with
the point data object registered with a hospital CI facility is blue. At this instant, there is no token
present in the hospital CI place node in the Petri net model. However, when the place node is enabled
with a token, the color scheme of the point data object registered with a hospital CI facility changes to
red. During the simulation run, as a result of a transition being enabled, and a token is fired the SCPN
simulation model state changes. As the state changes in the underlying SCPN simulation model, the
behavior of the CI geo entity on the GIS-based client interface also changes.

(c) SCPN driven GIS-Based Area Analysis for Interdependent HCI Network
The Area-based analysis provides functions for polygon features. The functions are based on the

geometry of the features. The functions are used to provide information about the polygon features
related to critical infrastructures. GIS-based operations such as buffer can be used to identify a buffer
zone of an HCI facility.

(d) SCPN Driven GIS-Based Network Analysis for Interdependent HCI Network
The transport CI geodatabase consists of nodes and links. Network operation such as proximity

analysis is used to analyze the distance between the different CI nodes. Optimal route-finding
operations help in determining the shortest path between two nodes (ex: healthcare facilities). This is
helpful while evacuating the patients and the ambulance tries to determine the optimal path between
the two healthcare facilities. Figure 16 shows the process of evacuation of patients by ambulances
from Hospital A to Hospital B. When the simulation model predicts that Hospital A would reach a
non-operational state in few hours from system analysis, the command center looks out for available
ambulances. We see in the figure that the Ambulanceteam1 is available; the Ambulance team1 is
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assigned to Hospital A in the SCPN simulation model. The ambulanceteam1 looks for a safe and
shortest distance to Hospital B using the optimal path functions. Once the ambulance reaches the
onsite, it gives back the information to the command center. Figures 17 and 18 show us the movement
of an ambulance from one hospital to another hospital evacuating patients on the GIS client interface.

Figure 16. Ambulance using SCPN driven GIS-based Network operations.

Figure 17. An ambulance (red node) starting from Hospital A.

Figure 18. Ambulance (Red node) reached to safer Hospital B.

The simulation model enables the user to analytically reason with spatial information as facilitated
by interactive visual interface. The spatial data features are investigated over the period using an
interactive visual interface to analyze and envisage the effect and impact of an urban flood disaster
event on the interdependent healthcare CI network.

5. Conclusions

Considering the increase in extreme events today, there is an immediate need for real-time
situational awareness simulation models. Critical Infrastructures and its services are the lifelines
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services required by society and during an extreme event the need for these services increases. The
challenge of cascading failures in the interdependent HCI network is addressed in an Indian scenario.
The utility of the approach is shown using a real-world case study, the dynamic performance of the
interdependent healthcare critical infrastructure network and propagation of cascading failures in the
Chennai area during the Chennai floods 2015 is evaluated and analyzed. The results of the system
analysis of the simulation model are calculated for a simulation period of 3 days of rainfall and flooding
(a total of 72 h). From the simulation runs we see that the failure in the electric supply CI network will
increase the vulnerability of water supply CI networks. And the failure of both electric supply CI and
water supply CI will have a perilous impact on the HCI network. From the system analysis, we can
derive that the more interdependent the critical infrastructures are, the more vulnerable they are.

The simulation model will help the disaster response personnel or organizations who are
managing crisis activities (e.g., Health care managers, Emergency management personnel, etc.). This
work addressed this critical area to enable better preparation and management during a disaster.
For instance, if the estimate from the proposed simulation model is performed, it gives insights into
disruptions in electrical CI, and water supply CI and how it will impact the healthcare CI in say seven
hours from now. Consequently, a hospital can plan the evacuation of critically ill patients and be
better disaster prepared, thus significantly lowering the critical eventualities. The developed model
can have an impact on the decision-making heuristics during a flood event. This kind of dynamic
real-time understanding of the propagation of cascading failures of CI in an Interdependent CI network
simulation would be a crucial component in any disaster response activities.
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Abstract: The outcomes for emergency medical services (EMS) are highly dependent on space-time
accessibility. Prior research describes the location of EMS needs with low accuracy and has not
integrated a temporal analysis of the road network, which accounts for varying mobility in a dynamic
transportation network. In this study, we formulated a network-based location-allocation model
(NLAM) and analyzed the spatial characteristics of emergency medical facilities within the fifth
ring road in Beijing by considering time, traffic, and population characteristics. The conclusions are
as follows: (1) The high demand area for EMS is concentrated in the areas in middle, north, and
east during the daytime (8:00–20:00) and in the middle and north during the nighttime (20:00–8:00).
From day to night, the centroid of the potential demand distribution shifts in the Western and
Southern areas. (2) The road traffic data is sampled 20 times throughout the week, and variations
in the average driving speed affect a higher mean driving speed on the weekend. This primarily
impacts the main roads, due to these roads experiencing the greatest fluctuation in speed throughout
the week of any roadway in the study area. (3) Finally, the 15-min coverage of emergency medical
facilities are sampled 20 times in one week and analyzed. Fortunately, there is 100% coverage at night;
however, due to traffic congestion, there were a few blind coverage areas in the daytime. The blind
area is prevalent in Shijingshan South Station and the Jingxian Bridge in the South fifth ring.

Keywords: emergency medical facilities; traffic jam; megacity; network-based location-allocation
model; Beijing

1. Introduction

High-quality educational and medical resources are the primary purpose pursued by urban residents.
However, the spatial distribution of educational and medical facilities is uneven. In particular, the regional
imbalance of medical services is more prominent, and medical treatment becomes a prominent factor
affecting people’s livelihood [1]. The proportion of medical technology is the highest factor among
influencing aspects, followed by charges, medical ethics, and traffic convenience [2]. The attractive
radiation range of high-level hospitals is far beyond the scope of space accessibility in general, which has
caused a certain degree of the shortage of medical resources. Although China was promoting the medical
classification system in 2015, it has not been enforced. It remains uncertain, for the impact of accessibility
on medical services has changed. Compared with other medical services, emergency medical services are
more dependent on the accessibility of time and space. Medical personnel rush to the scene in the quickest
possible time, and the corresponding rescue measures can significantly improve the survival rate of
patients [3]. Therefore, it is essential to improve the regional equilibrium allocation of emergency medical
facilities with high accessibility. For the megacities with more than 10 million people, the improvement
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and optimization of the spatial distribution of emergency medical facilities has become a critical part of
the healthy development of the city.

The existing research is executed with all medical service facilities (including comprehensive
hospital, specialist hospital, hospital, emergency medical facilities, clinic, and so on), mainly from three
aspects, including the analytics and evaluation of medical service facilities [1,4], study on the spatial
and temporal accessibility of medical facilities services and its influencing factors [5–7], and the location
selection and spatial optimization of medical service facilities [8–10]. There is relatively little research on
emergency medical facilities for megacities. Chen et al. (2016) used the floating car global positioning
system (GPS) to analyze the impact of traffic congestion on the space-time accessibility of emergency
medical facilities in downtown Guangzhou [11]. Guo Zengxun et al. (2012) analyzed the temporal and
spatial distribution of 120 emergency needs in urban areas using the Beijing emergency center dispatch
information database [12]. The research of all medical service facilities consider multifactors such as
the hospital’s grade, capacity, and facilities level. However, only the space-time accessibility will be
considered for emergency medical facilities when responding to emergency needs (this will not be
considered in the extreme case of the nearest emergency ambulance). Therefore, the research on the
spatial layout of emergency medical facilities needs to consider factors such as population, time, and
traffic. First of all, quantitatively simulate potential first aid needs; then, carefully consider time and
traffic factors to analyze the spatial accessibility and coverage of emergency medical facilities, and,
finally, optimize for the shortcomings. Some scholars consider the availability and efficiency of facilities,
such as the gravity model [13] and its derived mobile search method [14], and the location-allocation
model (also called the LA model). Since the 1970s, the location-distribution model has been widely used
in site selection studies in education [15,16], firefighting [17], medical [18], and emergency facilities [19].
The existing spatial optimization of medical service facilities using the location-allocation model [8,9]
has deficiencies in these two issues. First, the shape of the residential area or the neighborhood
committee or village committee is the request point. The second is using the road speed without
the time and area difference as the impedance parameter of the road network. In actual situations,
the demand for emergency medical services is generated at work, life, or place of residence and needs
to be expressed more meticulously. In the same way, the traffic conditions of roads also change with
time and location. There are differences in traffic speeds between the peak traffic period and the peak
period and the main road sections and suburban road sections. Studies have shown that there is a
definite spatial and temporal difference in the accessibility of emergency medical facilities under the
influence of transportation factors [6]. Therefore, a more detailed simulation of traffic factors is also
required when performing coverage analysis.

Multisource location data such as the floating-car data, mobile terminal location-based service
(LBS) positioning data, network data, map, and point of interest (POI) data have provided solutions
to the deficiencies mentioned above. The POI data using the electronic map platform can be used to
obtain the location of work, life, or place of residence as a request point for emergency medical services.
The traffic situation data calculated based on the floating car global positioning system (GPS), mobile
terminal location-based service (LBS) positioning, and mobile internet user volunteered geographic
information (VGI) collection [20] can help obtain traffic speed information for different road sections at
different times. The POI data has been proved to be of great significance in facility planning, urban
space, and rescue analysis [21,22], and it has been applied in urban research [23–25]. The GPS and VGI
data of floating cars are also widely used in urban traffic and spatial analysis research [25,26].

There are three classes of location models for emergency medical services (EMS), including
covering models, p-median models, and p-center models [27]. The objective of covering models
for EMS is to provide covering the demand point within a distance limit and budget constraints.
The covering models contain the location set covering problem (LSCP) [28] and the maximal covering
location problem (MCLP) [29]. The LSCP aims to locate the smallest number of EMS facilities that are
required to cover all EMS demand points [30]. The MCLP model for EMS seeks the maximal coverage
with a given number of facilities [31]. The objective function for the p-median model for EMS is to
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minimize the total distance between the demand points and the facilities [32–34]. The p-center model
for EMS tends to find the center of a circle that has the smallest radius to cover the destinations [35,36].
It is essential to optimize the EMS for considering multifactors using location models [37].

This study aims to improve the problems in the study of the space layout of existing emergency
medical facilities and consider time, traffic, population, and other factors to study the spatial layout
of urban emergency medical facilities. First, by using POI facility data combined with population
distribution grid data to more closely simulate the potential demand distribution of emergency medical
services, then using the collected traffic data of different time and road sections to simulate the road
traffic conditions at different times. Finally, the location-distribution model was used to quantitatively
measure the coverage of urban emergency medical facilities, combined with the lack of optimization
and improvement. The study aims to enhance the scientific and practical research of the spatial layout
of urban emergency medical facilities.

2. Study Area and Method

2.1. Study Area

The study selected Beijing within the fifth ring road (area of approximately 668.40 km2) as the study
area, mainly based on the following considerations. First, the city of Beijing is large in scale and densely
populated, and the spatial layout and optimization of emergency medical facilities are more urgent
and typical. Second, Beijing’s urban functional areas are staggered and complicated, and the traffic
situation is complex and dynamic. The significance and value of emergency medical facility coverage
in functional urban areas and traffic conditions in complex cities are significant. The permanent
population of Beijing was approximately 21.7 million by the end of 2015. There were 10,425 institutions
related to health, including 701 hospitals, 30 disease prevention and control centers (epidemic stations),
19 maternal and child health clinics, and 1979 community health centers, with 111,555 beds in total,
including 104,644 hospital beds, as shown in Figure 1. During the year of 2015, a total of 163.4797 million
visits were made to Beijing hospitals. Beijing is home to the highest quality of medical resources in
China, and its scope of influence is, to some extent, covered by the whole country, because high-quality
hospitals also have a strong appeal to patients in that specific field. In contrast, emergency medical
facilities serve more local populations. This study focuses on emergency medical facilities to address
the challenges for the distribution, coverage, and optimization of medical emergency medical facilities
in the context of traffic congestion.

2.2. Data Preprocessing

The dataset in this research mainly included real-time traffic data, emergency location data,
population data, POI facility data, road network data, and administrative divisions and other data.
Emergency site data, POI facility data, and real-time traffic data are all available via Python Reptiles from
the Open Maps Open Platform (http://lbs.amap.com/). The first-aid site and POI data were obtained in
August 2016. The first-aid site was the emergency center in the Gaode POI three-level classification.
After data deduplication, 80 first-aid sites in the study area were obtained. After data preprocessing,
the POIs have been obtained a total of 187,700 of the nine major categories. The population grid data
was produced by Worldpop (http://www.worldpop.org.uk/), with a spatial resolution of 100 meters [38];
real-time traffic data was mainly used to obtain the road traffic speed information under the Gaode traffic
situation interface. The acquisition time was 8/15-8/21/2017. A continuous week of data was collected
to distinguish road traffic conditions at different times on weekends and weekdays. The collection time
points were 0, 6, 7, 8, 9, 10, 12, 15, 17, 18, 19, 20, and 21 o’clock. After removing the inaccurate and
incomplete information, a total of 634,200 pieces of data on road speed were obtained. It should be
pointed out that the road traffic data provided by Golder did not cover some low-level roads. The road
network data came from OpenStreetMap (http://www.openstreetmap.org/). Other data, such as the
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regional administrative data, came from the national basic geographic information database, and the
statistical data came from the Beijing Statistical Yearbook 2016.

Figure 1. Study area and locations of the emergency medical facilities in Beijing.

2.3. Method

The methodology of this study was mainly divided into three parts, including the spatial
identification of the potential needs of emergency medical services, the construction of multitemporal
traffic network, and the coverage analysis of multitemporal emergency medical facilities.

2.3.1. Spatial Identification of Potential Demands for Emergency Medical Services

The potential demands of emergency medical services involve three elements, including time,
place, and person, which can be summarized as which people have the potential for emergency medical
services at which sites. At the present stage, subject to technical and data reasons, it is unrealistic to
obtain full-time spatial locations for all people. This paper adopted a compromise strategy. It considered
human work and living activities and divided them into two-time intervals. Then, found out where
the person may be located in the two times frames and used the population data to simulate the spatial
distribution of people at different places. Specifically, the time was first divided into two periods
of daytime (8:00–20:00) and night (20:00–8:00 on the following day). Most people mainly stayed in
workplaces during the daytime and stayed in residential and accommodation areas. In this situation,
we could find and classify the corresponding POI categories. The population grid raster data was used
to extract and obtain the estimates of personnel for each POI site by a geographic information system
(GIS). Finally, the POI data was used to estimate the population of each POI site as the population field
value. Using 100*100 m as the minimum grid unit for the kernel density analysis, the results of kernel
density analysis were used to characterize the spatial distribution of the potential emergency demands.
The higher the density, the more the population, the higher the demand for potential emergency
medical services, and vice versa, the lower the demand for emergency medical services.

Table 1 shows the main activities of urban residents at different temporal periods. The analysis
method mainly involved in this section is the kernel density analysis. The kernel density analysis
was used to calculate the density of an element in its surrounding neighborhood. It utilized a kernel
function to get the value per unit area based on a point or polyline feature to fit each point or polyline
to a smooth conical surface. Only points or line segments that fell within the neighborhood were
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considered for computing the density. If there was no point or line segment within the neighborhood
of a particular cell, the cell was assigned a null value. We used the default search radius (bandwidth)
based on the space configuration and the number of input points. This method corrected spatial outliers
without causing a large search radius. Using the population field gave some elements more weight
than other elements, depending on how important they were. The kernel functions of the study were
based on the quadratic kernel function described in Silverman’s book [39].

Table 1. The main places of activities for urban residents in different periods. POI: point of interest.

Time Major categories Detailed Category of POI

8:00–20:00

Residential,
Corporate company,

Science and Technology Culture,
Food and Beverage Services,

Leisure Services,
Transportation Station Type,

Financial Venues,
Government Agencies

Villas, dormitories, residential areas, residential
quarters, and dual-use commercial and residential
buildings; company companies; museums, archives,
art galleries, planetariums, libraries, cultural palaces,
science and technology museums, exhibition halls,
convention centers, schools, scientific research
institutions, training institutions, media
organizations, cultural and art groups, driving
schools, and scientific and educational cultural
venues; tea houses, pastry shops, cafes, fast food
restaurants, cold drinks shops, dessert shops, foreign
restaurants, Chinese restaurants, casual dining
establishments, and catering-related venues; sports
venues, entertainment venues, leisure venues,
theaters, and resorts and convalescent places;
subway stations, port terminals, railway stations,
airport-related, and coach stations; securities
companies, insurance companies, banks, and
financial service agencies; and industrial and
commercial tax agencies, public security agencies,
transportation vehicle management, society-relevant
groups, foreign institutions, government agencies,
and social organizations.

20:00–8:00 Residential and
Accommodation services

Villa, dormitory, residential area, residential area,
commercial and residential dual-use buildings,
hotels, guest houses, and hotel
accommodation services.

2.3.2. Multitemporal Traffic Network Construction

Traffic congestion is an important factor influencing the temporal and spatial differences in the
accessibility of emergency medical services [6]. Therefore, it is essential to consider the road network
modeling for traffic conditions at different times. First, we collated traffic situation data that was
crawled to obtain the traffic speed at each time of each road segment and then used the road network
data to create a network dataset and, according to the driving speed and the road length, the driving
time of each road was calculated and the driving time was taken as the cost impedance of the road. Thus,
a plurality of road network datasets were obtained, including traveling time at different times. The key
to the research was the crawling, processing accuracy, and real-time performance of traffic situation
data. Since the traffic situation data collected through the Gaode API was segmented data—that is,
the speeds of different sections of a road were different—after the time dimension was superimposed,
the speed of each section of each road was different at different times of the day. While in a network
analysis, if a road is broken into small sections at different speeds at different times, the computational
complexity will increase exponentially, and the number of small sections after an interruption will
increase dramatically. Therefore, this study adopted the following preprocessing method. Road data
with traffic speed in each period was converted into a 10*10 meter raster grid. The average speed of
each raster grid at the same time in different days reflected the average speed of the road. The gaode

169



ISPRS Int. J. Geo-Inf. 2020, 9, 361

traffic congestion data itself also had coverage blind areas; all speed-free road sections used the average
speed of all other roads at the same time as their driving speed. In addition, in the construction of road
network datasets, considering that ambulances have road priority, they can be free from road turning,
traffic lights, and road direction. Therefore, appropriate settings were selected when the corresponding
road network parameters were set. When the road impedance was set, the impedance field of the road
was set to use the travel time. This travel time field can be defined as the value the road length dividing
the corresponding road speed.

2.3.3. Multitime Status Analysis of Emergency Medical Facility Coverage

The analysis of the coverage of emergency medical facilities at multiple times is mainly to
measure and analyze the arrival coverage of existing emergency medical facilities at different time
points for all potential emergency medical service demand sites. This process involves three factors,
including emergency medical facility sites, potential emergency medical service demand locations,
and road traffic conditions. The emergency medical sites are fixed, and most of them are open 24 h.
The spatial distribution of potential emergency medical services at different times has been identified,
and road network data at different points in time have been established. Therefore, the research purpose
in this section was to calculate the coverage of the existing emergency medical facilities using the
public service coverage model according to the corresponding road traffic conditions for the needs
of potential emergency medical services at different times. Specifically, the POI site for the potential
emergency medical service in the corresponding time period was set as a request point, the POI site for
the emergency medical place was set as a facility point, and a plurality of times were established based
on the time. The demand POI sites for the potential emergency medical service in the corresponding
period were set as the demand points. The emergency medical site POI was set as a facility, and based
on the established road network dataset for multiple times, the “maximum coverage” algorithm in
the “location-allocation” model was used to calculate the coverage of the emergency vehicle within
15 min (“Emergency Center Construction Standards” (BAN 117-2016). The minimization impedance
algorithm was used to simulate the site selection optimization for the possible coverage blind spots.

The study used the L-A model, which suitably locates facilities to ensure that the requirements
of the demand point are met most efficiently. The L-A model has a variety of algorithms that assign
demand points to facilities while locating facilities. For an emergency medical facility, on the one
hand, the emergency medical services of the hospital must arrive at as many places as necessary
for emergency treatment within the specified response time. On the other hand, the first-aid site
should make it easier for the ambulance to reach the demand place within the minimum travel cost.
We propose a Network-based Location-Allocation Model (NLAM), including the maximum coverage
(also called the maximal coverage location problem, MCLP) and the minimum impedance problem
(also called p-median algorithm), along road networks.

(i) For possible coverage blindness, the p-median model can be used to perform a simulated
siting of emergency medical facilities, which refers to setting facilities at appropriate locations so that
the sum of all weighted costs between the demand point and solution at the facility can be minimized.
The p-median model selects the facility that minimizes the sum of the weighted impedance (response
point assigned to a facility multiplied by the impedance to that facility). We proposed a p-median
model along the road network based on the formulation of the ReVelle–Swain model (1970) [11].

The notion is shown:

• P = total number of population
• M = total number of demand points
• i = index of demand points (i = 1, 2, . . . , M)

• Wi = the weighted value of the population associated at the demand point (P =
M∑

i=1
wi)

• N = total number of potential candidates for the EMS location
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• j = index of potential EMS facility sites (j = 1, 2, . . . , N)
• di j = the shortest-path distance between demand node i and potential EMS facility j along the

road network
• p = the number of optimal locations

The mathematical description of this model is described as follows:

Minimize f =
M∑

i=1

N∑
j=1

wi ∗ dij ∗ xij (1)

subject to:
N∑

j=1

xij = 1, i = 1, 2, 3, . . . , M (2)

xij ≤ yj, i = 1, 2, 3, . . . , M, j = 1, 2, 3, . . . , N (3)

N∑
j=1

yj = p (4)

xij = {0, 1} , i = 1, 2, 3, . . . , M, j = 1, 2, 3, . . . , N (5)

yj = {0, 1} , j = 1, 2, 3, . . . , N (6)

The objective function (1) is to minimize the sum for all demand points of the network distance to
their closest EMS facility. Constraint (2) requires that all demand points are to be assigned to only one
EMS facility point. Constraint (3) allows demand point i to assign to a point j only if there is an open
EMS facility at this location. Constraint (4) ensures that exact p EMS facility locations are to be chosen
among the N potential ones. In Formulation (5), xij equals 1 if the demand at node i is allocated to the
facility at site j and equals 0, otherwise. In Formulation (6), yj equals 1 if an EMS facility is located at
site j and equals 0, otherwise.

(ii) For the current coverage of emergency medical facilities, the maximum coverage location
problem model is mainly used for the location facilities, so that as many request points as possible are
allocated to the impedance interruptions of the facility points being solved. The algorithm handles the
request as follows. Request points outside the impedance cutoff at all facilities will not be allocated. If a
demand point is only within the impedance interruption of one facility, the request point will assign all
of its request weights to the facility. If a demand point is within an impedance interruption at two
or more facilities, the demand point will assign all of its request weights to the nearest facility only.
The mathematical description of this model is as follows:

Maximize
∑

i

wi ∗ yi (7)

subject to: ∑
j�Ni

xj ≥ yi ∀ i (8)

∑
j

xj = p (9)

xj = {0, 1} ∀ j (10)

yi = {0, 1} ∀ i (11)

The objective of Function (7) was to maximize the amount of the covered EMS demand. Constraint (8)
defined whether the EMS coverage had been provided to a given EMS demand i based on the location
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decisions. Constraint (9) specified that the p EMS facility locations were to be chosen among the N
potential ones. Constraints (10) and (11) defined the integer siting and coverage variables. If a facility
location j was providing coverage, then xj equaled 1; otherwise, xj equaled 0. If the demand i was
covered, the decision variable yi was equal to 1; otherwise, yi was equal to 0.

3. Results

3.1. Spatial Distribution of Potential Needs for Emergency Medical Services

According to the characteristics of the population and functional space, using the 187,700 points
of POI data obtained, the spatial distribution of potential demand for emergency medical services
at different times in the study area is shown in Figure 2. The darker color denotes the higher
POI density after the weight of the population in the area and the higher demand for potential
emergency medical services. The shallower color indicates the lower POI density of the weight of the
superimposed population in the area and the lower demand for potential emergency medical services.
Figure 1 identifies potential high-demand areas during the daytime (08:00–20:00) in Zhongguancun,
Wudaokou, Xidan North Street, Chaoyangmen, Sanlitun, Guomao, Dawang Road, Wangfujing,
Chongwenmen, and Century City. The high-demand areas are mostly concentrated in the Central,
Northern, and Eastern parts of the study area, and the areas between the East Third Ring Road and the
Northwest three-fourth ring are most prominent. The potential high-demand areas at night (20:00- 08:00
on the following day) are distributed in the front gates of Dashilan, Yong’anli, Jinsong, Dongzhimen,
Lianchichi Road, Chongwenmen Ciqikou, Suzhou Bridge, Chegongzhuang—Guanganmen, and
Wukesong. The high-demand areas are mostly concentrated in the Central and Northern parts of the
study area, and the “Haidian Huangzhuang-Beijing West Railway Station” is more widely distributed
along the line. Based on the analysis of daytime and nighttime, the potential demand for emergency
medical services in the study area is mostly distributed within the Fourth Ring Road, and the area
outside the area between the South third ring and the fourth ring is even more pronounced. From day
to night, the direction of distribution of the potential demand for emergency medical services shifted
westward and southward. The use of statistical zoning tools to analyze the demand for potential
medical emergency services in the major administrative districts of the Fifth Ring Road found that
the total number of daytime and nighttime demand was, in descending order: Chaoyang District,
Haidian District, Xicheng District, Dongcheng District, and Fengtai District.

Figure 2. Spatial distribution of the potential demand for emergency services at different times:
(a) daytime and (b) nighttime.
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3.2. Spatial Distribution of Multitemporal Traffic Conditions

Using the collected 644,200 traffic data, according to the method described in the previous section,
the traffic speeds of the roads in the study area at different times were first obtained through data
preprocessing. Extensive computations were performed on average road speeds at 20 time points
on all weekdays and weekends in the study area, as shown in Figure 3a. From the analysis of the
period, during the morning peak (07:00–09:00) and the evening peak (17:00–19:00), the average
driving speed decreased significantly, and the average driving speed had a slight rebound at noon.
Comparing working days and weekends, the average speed of the weekends at the same time was
mostly slightly higher than the working day. The average speed at 06:00 in the morning on weekends
was slightly higher than at midnight, since people have more nightlife activities in the early morning
on weekends The average driving speed at noon on the weekend compared with at noon on the
working day was slightly higher, because the residents’ trips during weekends have a certain time
delay compared with on working days. Further, using the highest value of the speed of each road at
different times minus the lowest value, the difference in speed was obtained as in Figure 3b. It can be
found that the road segments with relatively large differences were mostly along the ring roads, among
which, the ten road segments with the most extreme differences were concentrated in the Wufangqiao
section of the East fifth ring of the Jingha Expressway and the Majialou Bridge section of the South
Fourth Ring Road of the Jingkai Expressway. In order to accurately measure the coverage of emergency
medical facilities, the road network was modeled at 20 time points on weekdays and weekends using
the speed data of each road at the time. The obtained road speed distribution is shown in Figure 4.

Figure 3. The average vehicle speed: (a) at different times; (b) on each road segments.
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Figure 4. Speed at different times of each road in the study area.

3.3. Coverage Analysis of Multitime Status Emergency Medical Facilities

Based on the road network modeled for 20 time points on the working day and weekend,
the “location-distribution” model was further analyzed, and it was found that the overall coverage
of emergency medical facilities in the study area was relative high (Table 2 and Figure 5). From the
perspective of spatial coverage, full coverage can be achieved within 15 min in the night period
(20:00–8:00), divided by whether it was a working day or a weekend. There were very few coverage
blind spots in emergency medical facilities during the daytime (08:00–20:00). In the spatiotemporal view,
different traffic conditions at different time points made the space of the same emergency center cover
in 15 min to make a difference. At the same time, due to the influence of time and traffic, the coverage
of emergency medical facilities fluctuated, and the time at which coverage fell was basically in line
with the traffic peak hours. In order to find the blindness area from spatial coverage due to traffic
factors, POI facilities that cannot be covered at different points in time need to be further extracted to
explore their spatial characteristics and get the optimal solution of the model.

Table 2. The coverage of emergency medical facilities at different times.

Working day (time) 9:00 10:00 12:00 15:00 17:00 18:00 20:00 21:00 0:00 7:00
Coverage (%) 99.99 99.94 99.99 99.95 99.81 99.84 100 100 100 100

Weekend (time) 9:00 10:00 12:00 15:00 17:00 19:00 20:00 21:00 0:00 6:00
Coverage (%) 99.99 99.99 99.99 99.99 99.99 99.97 100 100 100 100
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Figure 5. The coverage distribution of emergency medical facilities at different times.

The POI facilities were extracted that failed to be covered at different time points, and the results
were merged. The results are shown in Figure 6a. There were two main areas that could not be covered
during part of the day, including parts of the Shijingshan South Station and the Southern Fifth Ring
Road Jingxian Bridge. The Shijingshan South Station did not cover POIs on a small area (six sites).
The scale of uncovered sites along the South Fifth Ring Road Jingxian Bridge varied from 1-36 in
different times. Considering that the Shijingshan South Railway Station has a small scope of uncovered
sites on the one hand, on the other hand, there is a first-aid center (The first-aid center was not involved
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in the analysis, because it was not in the study area) in the Jingxi District of Chaoyang Hospital, which is
close to the Northwest of Ximenkou Bridge on the West Fifth Ring Road. Therefore, the main coverage
blindness area and optimized area are in the Southern Fifth Ring Road Jingxian Bridge (Figure 6b).

Figure 6. The blind coverage area of emergency medical facilities at some times: (a) the whole study
area; (b) the Southern Fifth Ring Road Jingxian Bridge area.

Since the number of facilities within the Jingxianqiao area is not large enough, the construction of
a new emergency center will make waste. If the method of reconstructing the road from the perspective
of improving the road traffic conditions will also have a higher cost, a simple and effective solution is
to find an existing medical facility in the area and transform it to have the function of an emergency
center. This step can be performed by the following method. First, all medical facilities in the area
are selected as candidates for the “location-allocation” model. Then, use the “minimum impedance”
model to calculate and find the medical facilities that can cover the area with the least time-cost and
upgrade it as an emergency medical service solution covering this area. The computational process was
based on the road network at 17:00 on the most stressful working day. The final candidate was Beijing
Wanbo Brain Health Traditional Chinese Medicine Hospital. It should be noted that the possibility of
being an emergency medical facility is only discussed here from the perspective of spatial accessibility,
subject to the lack of our medical professional knowledge.

4. Conclusions and Discussion

This study takes the urban emergency medical facilities in the Wuhan District in Beijing as
the research object and comprehensively considers time, traffic impedance, and population factors
to study the spatial distribution characteristics. First, using the POI facility data and population
distribution grid data, the spatial distribution of potential medical emergency service needs during
the day (8:00–20:00) and night (20:00–8:00) were identified. Then, using the collected traffic situation
data, the road network was modeled according to the traffic conditions at different times. Finally,
the emergency medical coverage at different time points in the study area was quantified using the
algorithm in the “location-allocation” model, further combining the inadequacies of the proposed
improvement direction. The main conclusions obtained in this paper are as follows:
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(1) The distribution of potential emergency medical service needs during the two periods in the
study area was identified based on the characteristics of the population and the space of residence
and residence. During the day (8:00–20:00), high-demand areas for potential emergency medical
services are mainly distributed in Zhongguancun, Wudaokou, Xidan North Street, Sanlitun, Guomao,
Dawang Road, and other places, gathering in the Central, Northern, and Eastern parts of the study area.
The high demand areas for potential emergency medical services during the night (20:00–8:00) were
mainly distributed in Dashilan, Yong’anli, Chegongzhuang-Guang’anmen, Lianhuachi East Road, and
other places, mostly in the Middle and North of the study area. From daytime to nighttime, the direction
distribution center of potential demand shifted to the west and south. The total demand for potential
emergency medical services in the major administrative regions of the study area are, in descending
order: Chaoyang District, Haidian District, Xicheng District, Dongcheng District, and Fengtai District.

(2) Statistical analysis of the road traffic situation data were obtained, modeling the road network
at 20 temporal ranges on the working days and weekend. Statistical analysis found that the average
speed of all roads in the study area at the same time last weekend was mostly slightly higher than
the working day. However, the average speed at midnight on weekends was slightly higher than the
midnight on weekdays; the probable reason is that there is a certain delay in the travel of weekend
residents compared to working days. The average driving speed at 6:00 in the morning on weekends is
slightly higher than that at midnight, because people have more nightlife activities and less morning
activities on the weekends. The roads at very different speeds at different time points are mostly ring
roads. The ten road sections with the most extreme differences are concentrated in the Wufangqiao
section of the East fifth ring of the Jingha Expressway and the Majialou Bridge section of the South
Fourth Ring Road of the Jingkai Expressway.

(3) Based on the road network model at 20 time points on weekdays and weekends, the 15-min
coverage of emergency medical facilities under the 20 time points in the study area was quantitatively
measured, and optimization suggestions were given for coverage blind spots. The overall coverage of
emergency medical facilities was relatively high. In the nighttime (20:00- 8:00), including working
days and weekends, full coverage of the ambulances were achieved for 15 min. At some time points
during the daytime (8:00–20:00) on the weekdays and weekends, there were very few coverage areas
for emergency medical facilities, which were mainly distributed in parts of the Shijingshan South
Railway Station and the Southern Fifth Ring Road Jingxian Bridge. Affected by time and traffic factors,
the coverage of emergency medical facilities fluctuates, and the time at which coverage falls is basically
in-line with traffic peak times. Further, the blind spot for the coverage of the Yinxianqiao area in the
South Fifth Ring Road was considered. Considering the characteristics of the location and the scope of
the uncovered point, the corresponding simulation site selection was given.

In this study, we did not consider the parallel method to solve the multifactor spatial optimization
problem. We will integrate a high-performance spatial analysis method and spatial cloud computing
algorithm [40–42] into the spatial optimization for a large-scale dataset to improve the efficiency in
a future work. The multifactor spatial optimization approach is essential to understand the current
worldwide emergency regarding the pandemic of COVID-19. In the next step, we will use a multifactor
spatial optimization model for the testing site selection of COVID-19 with spatial coverage and the
space-time traffic network.
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Abstract: Geographic information systems (GIS) can be used to map the geographical distribution
of the prevalence of disease, trends in disease transmission, and to spatially model environmental
aspects of disease occurrence. The aim of this study is to discuss a GIS application created to produce
mapping and cluster modeling of three diseases in Jeddah, Saudi Arabia: diabetes, asthma, and
hypertension. Data about these diseases were obtained from health centers’ registered patient records.
These data were spatially evaluated using several spatial–statistical analytical models, including
kernel and hotspot models. These models were created to explore and display the disparate patterns
of the selected diseases and to illustrate areas of high concentration, and may be invaluable in
understanding local patterns of diseases and their geographical associations.

Keywords: GIS; urban health; health clusters; kernel density; hotspot analysis

1. Introduction

Disease mapping has been historically considered as one of the most important public health
issues, derived from an understanding of the relationship between health and location. Understanding
this relationship has attracted the attention of scientists and researchers for decades [1,2]. The actual
start of using the disease mapping method was in 1854, when Dr. Snow mapped a cholera outbreak
that hit the city of London, England [1,3,4]. However, one of the most useful functions of GIS in public
health is its mapping outputs [5]. Disease mapping technology, has been evolving remarkably, is one
of the most important GIS technologies [6]. Nowadays, this technology is increasingly being used as
an effective tool in disease surveillance by GIS [7].

Studies on the geographical distribution of diseases can be categorized into three main classes:
disease mapping, disease clustering and ecological analysis. GIS-based disease mapping depends
on identifying a number of aspects, the most important of which are locations of disease occurrence,
patterns of disease spread, environmental risk factors that lead to disease spread and socio-economic
data, in order to analyze spatial relationships within the affected area [8,9]. GIS-based disease clustering
studies aim to evaluate whether a disease is clustered geographically, and, if so, the locations of the
clusters. Moreover, these types of studies are based on an examination of potential environmental
risk factors that may appear at a specific location and represent a potential hazard, such as the risk of
pollution [10]. Ecological analysis studies are relevant within epidemiological research, as they focus
on analyzing the geographical distribution of disease in relation to explanatory covariates, usually at
an aggregated spatial level [11].

Healthcare studies rely heavily on GIS-based mapping and clustering technologies to draw a
general visualization that aims to control a spread of diseases and identify disadvantaged populations
at a geographical level [12,13]. Several studies have shown that GIS is a useful tool for the mapping
and clustering of disease. For example, Gould and Wallace [14] used GIS to map cases of HIV/AIDS
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in the United States in the 1980s. They mapped the locations of disease occurrence and patterns
of potential spread. They also tried to control the disease using the clustering method. In another
example, Braga et al. [15] mapped lung cancer disease in two Italian cities to determine disease rates at
the level of urban clusters using Kernel and Bayesian methods. Eisen and Eisen [16] discussed how to
use GIS to prevent and control diseases such as malaria and West Nile virus. In addition, Rasam et
al. [17] used GIS-based cholera disease mapping to identify patterns of disease spread in the Sabah area
of Malaysia. The disease mapping relied on the use of the cohort technique to determine the pattern
of disease spread. As a result, it became clear that the disease was spreading from person to person
through contaminated water. Photis [18] investigated GISs that can deal with healthcare issues by
using disease mapping technology that can improve planning policies and assess possible intervention
scenarios. Furthermore, in the United States, a GIS-based measles disease mapping method was used
to detect the locations of disease occurrence and determine the spread patterns. As a result, it became
clear that disease rates were high in areas with children who had not received vaccination against the
disease. The disease mapping method contributed to identifying areas lacking health services and
finding the best locations for these services, especially after the maps showed the locations and number
of disease cases, as well as the time period related to the disease spread [19].

At the analysis level, to obtain the precise outputs for disease mapping, the quality of the spatial
data used in the analysis should be evaluated based on a number of elements, i.e., (1) positional
accuracy, (2) thematic accuracy, (3) temporal accuracy, (4) completeness, (5) logical consistency,
and (6) usability [20]. Disease incidence data may be represented differently when mapping disease
cases or counts within tracts, compared to mapping disease structures based mainly on estimates
of complex models [11]. The geographical incidence of disease uses, as its fundamental unit of
observation, the locations of cases of the disease being studied. Important data and information
about environmental risks and potential exposure can be identified through residential addresses [21].
The simplest possible mapping form is the depiction of disease rates at specific sets of locations. For
events, the locations of case events should be mapped. To count within tracts, there should be a
representation of the number of events within the tracts of arbitrary areas with the locations and
numbers of cases events [22].

A set of analytical and statistical methods may be performed by GIS software for disease mapping
and clustering. These methods can support research investigations of the spatial distribution of
diseases and its spread by integrating and modeling spatial data in a way that helps pinpoint cases and
exposures, characterize spatial trends, identify disease clusters, correlate different sets of spatial data,
and test statistical hypotheses [23]. The most important analytical and statistical methods of disease
mapping and clustering within the GIS software are: (1) a kernel density estimation method that is used
to produce spatial distribution maps of epidemic diseases by modeling disease risk prediction [24],
(2) a weighted standard deviational ellipses method that can compare the spatial distributions of the
diseases and identify their possible spatial directions, and (3) a hotspot analysis method that is used
to calculate the Getis–Ord Gi* statistic to identify where the selected health conditions will be more
concentrated [25,26].

Some analytical and statistical methods have been applied to analyses of health services using GIS
in Jeddah, Saudi Arabia. For example, Murad [27] discussed the application of GIS for the catchment
area of health centers in Jeddah using the straight-line allocation (SLA) technique, which defines health
center catchment areas based on a closest proximity approach. Murad [28] measured the accessibility to
public health centers in Jeddah by using the Euclidean distance and drive-time methods. A cumulative
model was created to determine the level of accessibility in each district of the city depending on
estimating distance from a road and from health centers. Furthermore, Murad [9] used GIS mapping
for hospital planning in Jeddah and produced several thematic maps related to hospital location and
analysis, including classifications of health supply and accessibility to hospitals locations. All previous
GIS applications for health in Jeddah only covered the supply side of health services. No study has
mapped health disparities based on the location of diseases in Jeddah. To fill this gap, we outline
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new research focusing on patient distribution and disease disparities in Jeddah. The paper seeks to
answer the questions of how GIS can be used to map disease locations in Jeddah city, and how this
technology can be applied to analyze spatial clustering and determine whether any unusual clusters of
health conditions exist in Jeddah, and to identify which places have unusually high or low prevalences
of diseases.

2. Materials and Methods

2.1. Study Area

Jeddah is located on the west shore of Saudi Arabia, 12 m above sea level. It is approximately
949 km from the capital city Riyadh and 79 km from the holy city of Makkah. The area of Jeddah
is approximately 1765 km2. Over time, the city has expanded its services, including transportation,
communication, and health projects, as well as public utilities like water, electricity, and other
infrastructure projects. Demographically, Jeddah is populated by approximately 4.1 million people
(2015), which makes it the second largest city after the capital city, Riyadh. The average household
size is 5.2, and 41% of the population are aged 23 and below, while 3% are aged 65 or older. Health
services in Jeddah city are provided through three main sectors: the Ministry Of Health network of
hospitals and primary healthcare centers that are distributed throughout the city, other governmental
institutions, and the private sector. This paper covers only primary healthcare centers that are operated
by the Ministry of Health.

2.2. Methods for Disease Mapping and Clustering in Jeddah City

This study seeks to create a GIS application to produce mapping and cluster modeling of three
diseases in Jeddah, Saudi Arabia: diabetes, asthma, and hypertension. To build this application,
we firstly captured three GIS coverages: the road network, health center locations, and population
districts. The nonspatial data linked to those coverages included the health capacity, number of patients
(diabetes, asthma, and blood-pressure), number of people living in each district of the city, and the
population density of the district. Data concerning the three diseases were collected from the records
of registered patients at the health centers in Jeddah. Secondly, several analytical and statistical models
were used to map and cluster the three diseases in order to detect their various spatial patterns and
identify the trend of their prevalence in Jeddah. An initial spatial analysis of the data was based on the
use of classification tools provided by ESRI (Redlands, CA, USA), within the ArcGIS Software. These
analytical tools clarified the spatial distribution patterns of diseases at the level of Jeddah districts.
Several data classification methods can be used for GIS applications. These include defined interval,
manual interval, equal interval, geometrical interval, Quantile, natural breaks, and standard deviation.
The created data was classified using the natural breaks method, which is based on the Jenks Natural
Breaks algorithm. The natural break method produces Class breaks that identify the best group similar
values and maximize the differences between classes. Based on this classification method, the features
are divided into classes whose boundaries are set where there are relatively big differences in the
data values.

Moreover, we used an analytical function called standard deviational ellipses. This function can
compare the spatial distributions of the three diseases and identify their possible spatial directions in a
location such as Jeddah. A weighted standard deviational ellipse was selected based on the number of
patients in each health center location. This tool provides a way of measuring the trend for a set of
points or areas by calculating the standard distance separately in the x-, y- and z-directions. These
measurements define the axes of an ellipse (or ellipsoid) encompassing the distribution of features.
The ellipse is referred to as the standard deviational ellipse, since the method calculates the standard
deviation of the x- and y-coordinates from the mean center to define the axes of the ellipse. This tool is
useful for various GIS applications and studies including, for example, the mapping of distributional
trends for a set of crimes, groundwater well samples for a particular contaminant, comparing the
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size, shape, and overlap of ellipses for various racial or ethnic groups, plotting ellipses for a disease
outbreak over time, and examining the distribution of elevations for storms of a certain category.

For further investigation, this study used the Kernel model in the ArcGIS Software to determine
clusters of health conditions at the level of Jeddah districts. The Kernel estimation can identify the
spatial disparities of the three diseases. Finally, we used a statistical model called Getis–Ord Gi*
to model the spatial diffusion of the selected diseases. The application of this model was based on
the datasets available for each disease within each health center in Jeddah. The hotspot analysis
tool in ArcGIS was used to calculate the Getis–Ord Gi* statistic for each feature in a dataset. The
resulting z-scores and p-values defined where features with either high or low values clustered spatially.
For statistically significant positive z-scores, the larger the z-score, the more intense the clustering
of the high values (hot spots). For statistically significant negative z-scores, the lower the z-score,
the more intense the clustering of the low values (cold spots). The hotspot analysis results are useful
for determining where the selected health conditions will be more concentrated, and, eventually, which
and where health services should be available.

3. Results

3.1. Spatial Distribution of Diseases

GIS can assist with updating and mapping health event prevalence, and is used as a supporting
tool for surveillance and as a decision-making tool by which to control health conditions and disease.
GIS can be used to map the geographical distribution of the prevalence of a disease, the trends of
disease transmission, and spatially model the environmental aspects of disease occurrence. The created
geo-database of health in Jeddah incorporates three types of health conditions: diabetes, asthma, and
blood-pressure. For the first type of spatial analysis of these data, ArcGIS (produced by ESRI) data
classification tools were used. These tools can help researchers understand the spatial distribution and
classification of health conditions. Looking at the output of health event classification in Figures 1–3,
asthma patients are highly concentrated in the north east of the city. These parts of the city are considered
highly urban developed locations, producing large number of asthma patients, as confirmed in studies
that have suggested that there is more asthma in urban than in rural areas in many parts of the
world. Early studies from Africa (South Africa, Ethiopia, Kenya, and Ghana) reported that populations
living in rural areas (i.e., those not exposed to the effects of an urban or western lifestyle) experienced
a very low burden of allergic disease, with a traditional, rural way of living providing a possible
protective cover. Similar studies from Asia (China, Japan, Korea, India, and Saudi Arabia) confirmed
the urban–rural gradient due to exposure to different allergens, air pollution, affluence, and diet in the
development of asthma and allergy [29]. Meanwhile, hypertension and diabetes patients are located
more in the central and northern city districts. These city districts are considered as high-density
locations, confirming that patterns of diabetes and hypertension patients follow the population density
pattern in Jeddah. These are the results of the initial analysis for defining the spatial distribution of
health conditions.
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Figure 1. Spatial distribution of asthma patients.
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Figure 2. Spatial distribution of hypertension patients.
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Figure 3. Spatial distribution of diabetes patients.

A further analysis was applied to these data using a spatial statistic function called the standard
deviational ellipses, which measures the orientation and direction of features, providing a tool for
abstracting spatial trends. This type of analysis is useful for comparing the distributions of categories
of health conditions. Although GIS analysis can provide a sense of orientation by drawing features
on a map, calculating the standard deviational ellipse clarifies the trend. This tool can be used to
calculate the standard deviational ellipse using either the locations of the features or the locations
influenced by an attribute value associated with the features. The latter is termed a “weighted standard
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deviational ellipse” [25]. Much research has emphasized the importance of using the function of
standard deviational ellipses in analyzing the spatial distribution of health conditions categories.
For example, Eryando et al. [30] used the standard deviational ellipse function, statistical analysis,
overlap analysis, and environment variables to map the spatial distribution of malaria in the district
of Sukabumi, Indonesia, where a malaria outbreak occurred from 2004 to 2012. The study relied on
data collection through Global Positioning System (GPS) plotting and field surveys based on data
of positive malaria cases (2011–2012) derived from healthcare centers in the district of Sukabumi.
The axis of standard deviation ellipses showed a skewed distribution towards the northwest southeast.
Environmental factors such as an anomaly of rainfall and temperatures led to the outbreak of malaria,
particularly in warm and high areas. The development and metabolism of vectors were supported
by the physical environment in the Sukabumi District. Mapping the spatial distribution of malaria
provides an initial visualization that can help in formulating possible intervention priorities. As a result,
the use of the standard deviational ellipse function contributed to understanding the geographical
factors that led to the occurrence of malaria, and determining prevalence trends based on specific
geographical patterns. In another example, Dong et al. [31] used the standard deviational ellipse
function to investigate the directional trend and determine the presence of spatial-temporal clustering
of influenza A(H7N9) in China from March 2013 to December 2014. The study relied on identifying
three phases characterized by a high epidemic infection. The standard deviational ellipse was used at
each phase to investigate the directional trend of epidemic spread using statistical scans to identify
patterns of spatial-temporal clusters of the epidemic spread. It appeared that the directional trend of
the epidemic was from the eastern coast to the southeast, with a future directional trend of transmitting
the epidemic to the central and western areas of China. As a result, defining the spatial-temporal
patterns of the epidemic A(H7N9) provided general insights into understanding the dynamics of the
epidemic’s spread in China.

In this study, we selected a weighted standard deviational ellipse based on the number of patients
with diabetes, asthma, and blood pressure at each health center in Jeddah city. This tool creates a new
feature class containing an elliptical polygon centered on the mean center for all features. The attribute
values for these output ellipse polygons include two standard distances (long and short axes), the
orientation of the ellipse, and the case field. The orientation represents the rotation of the long axis
measured clockwise from noon.

Figures 4–6 show the output of the standard deviational ellipses for the three health conditions in
Jeddah. The directional orientation for asthma patients is less than that for hypertension and diabetes
patients. In other words, asthma patients are more concentrated in the northeast of the city, while
hypertension and diabetes patients are spread most widely over the north, south, and southeast.
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Figure 4. Standard deviational ellipses for asthma patients.
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Figure 5. Standard deviational ellipses for hypertension patients.
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Figure 6. Standard deviational ellipses for diabetes patients.

3.2. Identifying the Spatial Disparities of Diseases

This paper has used kernel density estimation in the ArcGIS software (produced by ESRI) to
identify clusters based on the spatial disparities of the aforementioned health conditions in Jeddah. This
tool is also useful in identifying high-risk areas and visualizing transmission directions of diseases; thus,
it contributes to formulating possible intervention priorities related to the provision of health service
resources. The kernel density estimation was used to depict the density of service providers (number
per unit area) as a continuous spatial variable, with peaks representing areas of with good access and
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valleys indicating areas with poor access. The kernel density estimation calculates the magnitude per
unit area from the point or polyline features using a kernel function to fit a smoothly tapered surface
to each point or polyline. Possible uses of Kernel density include analyzing the density of houses
or crimes for community planning, or exploring how roads or utility lines influence wildlife habitat.
The population field could be used to weight some features more heavily than others, or to allow one
point to represent several observations. For the presented application, point features (health centers
location) were used as the input data of this model. The population field is the number of patients with
asthma, diabetes, or hypertension. The search radius value was selected as 10,000 square kilometers.

The algorithm used to determine the default search radius of the kernel model, also known as the
bandwidth, is as follows:

(1) Calculate the mean center of the input points. If a population field other than 0 was selected, this
and all following calculations will be weighted by the values in that field.

(2) Calculate the distance from the (weighted) mean center for all points.
(3) Calculate the (weighted) median of these distances (Dm).
(4) Calculate the (weighted) standard distance (SD).
(5) Apply the following formula to calculate the bandwidth:

Search Radius = 0.9×min
(
SD,
√

1
1

ln(2)
×Dm

)
× n−0.2

where n is the number of points if no population field is used or if a population field is supplied, and n
is the sum of the population field values.

Many studies have emphasized the importance of using kernel density estimation to identify
spatial disparities and risk areas of diseases. For example, Z. A. Latif [32] used Kernel density estimation
to map a dengue outbreak in order to produce a risk map in Selangor, Malaysia. The aim of this
method was to locate hotspots. The results showed that eight areas could be classified as high-risk.
In addition, Chaikaew, Tripathi, and Souris [33] used GIS-based spatial analyses to identify patterns of
diarrhea disease prevalence in Chiang Mai province, Northern Thailand. The analysis relied on using
a set of analytical and statistical methods such as quadrant analysis (QA), nearest neighbor analysis
(NNA), and spatial autocorrelation analysis (SAA) to visualize the spatial patterns of the disease in the
province. Moreover, kernel density estimation was used to determine hotspots of diarrhea based on
the collection of patient data at the village level and population censuses from 2001 to 2006. Hotspot
maps based on kernel density estimation revealed cluster patterns and the spatial direction of the
prevalence of the disease. As a result, the method can contribute to developing a system to monitor
and prevent disease outbreak.

Figures 6–9 show the results of the kernel density services for the selected types of patients in
Jeddah. The density for asthma patients shows a high concentration in the northeast city districts,
while hypertension and diabetes patients were concentrated in the central and northern city districts.
These results therefore identify the spatial clusters of the selected health conditions in Jeddah.
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Figure 7. Kernel density for asthma patients.
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Figure 8. Kernel density for hypertension patients.
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Figure 9. Kernel density for diabetes patients.

3.3. Modeling the Spatial Diffusion of Diseases

GIS software can be used by health professionals to predict the spatial location and diffusion
of health conditions. The geographical patterns of interactions between infected and susceptible
individuals are crucial for understanding how and where infectious diseases spread. Spatial diffusion
describes the movement of phenomena, people, goods, ideas, innovations, and diseases through space
and time. Sometimes, diseases follow a pattern of contagious diffusion, spreading gradually outward
from a point of origin to nearby locations. In hierarchical diffusion, diseases spread via the urban
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hierarchy, starting in large cities and spreading over time to medium-sized cities, before arriving in
smaller cities and towns. Network diffusion refers to the spread of disease through transportation
or networks. As with the other types of diffusion, network diffusion reflects the geographical and
social structuring of human interactions. Today, the emerging trend in epidemic modeling is to focus
on individuals rather than larger populations or nodes through the use of agent-based modeling.
Agent-based models simulate the behavior and interactions of individuals to generate insights about
populations and communities.

One of the analytical tools used to identify the spatial diffusion of diseases is the Getis-Ord Gi*
statistic based on hotspot analyses. For example, Saxena et al. [34] used the methods of Getis-Ord Gi*
and Standard Deviational Ellipse to define a spatial distribution pattern, identify hotspots, and map a
directional distribution trend of Plasmodium vivax (Pv) and Plasmodium falciparum (Pf) occurrences
in Ranchi, India. The study relied on malaria epidemiological data from 2007–2009, derived from
328 subcenters of the 14 primary health centers (PHCs) in the district. The results showed that there
was randomness in the pattern of spatial distribution (Pv); in contrast, the spatial distribution of
occurrence (Pf) was significantly clustered. During the period of 2007–2009, there was a downward
trend in the number of subcenters associated with the (Pv) hotspot category; in contrast, there was
an upward trend in the high (Pf) risk subcenters. Moreover, from 2008 onwards, a shifting trend in
(Pf) diffusion was noted from the north-west to western direction. In another example, Carnes and
Ogneva-Himmelberger [35] used a set of analytical and statistical tools, including the Getis-Ord-Gi*
statistic (hot spot analysis), to analyze the distributional trends of West Nile Virus in the United States
from 2000 to 2008. The maps revealed that the directional trend of the virus cases was from east to
west. Moreover, the analysis of hotspots revealed that metro areas in large cities and rural areas had
high rates of virus cases. As a result, the outputs of this study assisted in formulating strategies to
overcome West Nile Virus diffusion. The application of hotspot analysis can be found in crime analysis,
epidemiology, voting pattern analysis, economic geography, retail analysis, traffic incident analysis,
and demographics.

In this study, a GIS was used to model the prevalence of the three selected diseases based on
data that were available from health centers in Jeddah. The Getis–Ord Gi* statistic model was applied
to the collected data to model the spatial diffusion of the health conditions in Jeddah. The hotspot
analysis tool in ArcGIS was used to calculate the Getis–Ord Gi* statistic for each feature in each dataset.
The results of a hotspot analysis are shown in Figures 10–12. The asthma analysis showed hotspot
locations in the central city districts and coldspot locations in the north and south. This means that
asthma patients are more concentrated in the central city districts. The modeling of hypertension
patients shows that coldspot locations are only located in the north of the city, whereas the remaining
city districts have a high number of hotspots. In other words, hypertension patients are spread over
several city districts, except for the northern parts of the city, where few suffer from hypertension. The
results of the diabetes modeling showed that hotspot locations are grouped in the central and southern
city districts, and coldspots are grouped in the northern city districts. The hotspot analysis results are
useful for determining where the selected health conditions are more concentrated, and, eventually,
which and where health services should be made available.
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Figure 10. Hotspot analysis for asthma patients.

197



ISPRS Int. J. Geo-Inf. 2020, 9, 328

Figure 11. Hotspot analysis for hypertension patients.
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Figure 12. Hotspot analysis for diabetes patients.

4. Discussion

The use of GIS in health care studies has increased, and its applications have become more
sophisticated. For example, GIS can be used for exposure modeling as a tool to study cancer incidence
in a population exposed to airborne dioxins. An assessment of the relationship between the environment
and health needs to develop statistical methods and epidemiological techniques capable of broad
analyses and visualization. Nevertheless, recent GIS technologies have contributed to disease control
and related decision-making through the effective updating, mapping, and monitoring of disease.
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In addition, GIS can map trends of disease spread and provide a visualization of how the diseases
occur by modeling the environmental risk factors causing the disease.

The traditional method of disease control, based on empirical observations, is laborious, expensive,
and time-consuming. However, by applying GIS techniques to map disease presence, density, and
spatial diffusion, the root causes of diseases and sources of infection can be determined. For example,
Srinath et al. [36] analyzed and mapped the spread of disease in the US state of Texas using GIS, and
also investigated the environmental factors that contribute to promoting the spread of diseases. In their
study, they emphasized that there is a strong relationship between disease spread and environmental
factors which requires the development of new spatial methods to enhance epidemiological research.
According to Geanuracos [37], public health researchers are increasingly shifting their attention from
models of disease etiology, which focus exclusively on individual risk factors, to models that also
consider the complex and powerful effects of the socio-physical environment. It has been observed that
many diseases are spread excessively within endemic areas or cores, for example, sexually transmitted
infections (STIs) and (HIV/AIDS). These areas are often characterized by high levels of racial/ethnic
segregation, low socioeconomic status, and high rates of homicide and other criminal activities. One
of the most important foundations for epidemiology is the investigation of the possible clustering of
diseases in order to consider whether such clusters need further investigation, whether they are likely
to be chance occurrences, or whether they reflect a rational interpretation of the spatial distribution
of the at risk population. Spatial clustering methods are exploratory tools that help researchers
and policymakers to understand complex geographic patterns. Knowing whether clusters exist and
where they are located provides an important foundation for health research and policy formulation.
Responding to community concerns, however, only addresses a fraction of potential clusters and is
likely to miss clusters in communities that lack political and economic strength. Spatial clustering
analysis is an effective tool in the surveillance of public health, especially when spatial clustering
methods are integrated; this will inevitably contribute to discovering the factors and causes of health
issues through conducting more exploratory and investigative analyses. We used a GIS to define and
model the spatial clusters of three diseases in Jeddah (diabetes, hypertension, and asthma). This was
achieved using the kernel model and the Getis–Ord Gi* statistic model.

5. Conclusions

GIS technology has been applied in the public health sector to map various diseases.
The development of GIS technology has contributed to improving healthcare through disease mapping
and clustering, the detection of disease spread trends, the identification of the spatial and temporal
distribution of infection vectors, as well as the control and surveillance of infectious diseases. In this
study, we selected three diseases in Jeddah, Saudi Arabia for analysis: diabetes, hypertension, and
asthma. Data about these diseases were collected from health center records. GIS-based clustering
models, including kernel and Getis-Ord Gi* statistic models, were used to define the locations of
clusters of the selected diseases. The results show different clusters for each disease, and will be useful
for health planners in Jeddah to improve the supply health services in the resulting cluster locations.
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Abstract: Introduction: For the past 2400 years, the spatial relationship between health and location
has been a concern for researchers. Studies have been conducted for decades to understand such a
relationship, which has led to the identification of a number of healthcare planning issues. Geographic
Information Systems (GIS) technology has contributed to addressing such issues by applying analytical
approaches at the level of epidemiological surveillance and evaluating the spatial inequality of access
to healthcare. Consequently, the importance of reviewing healthcare planning issues and recognition
of the role of GIS are integral to relevant studies. Such research will contribute to increasing
the understanding of how to apply analytical approaches for dealing with healthcare planning
issues using GIS. Methods: This paper aims to provide an examination of healthcare planning issues
and focuses on reviewing the potential of GIS in dealing with such issues by applying analytical
approaches. The method of a typical literature review was used through collecting data from various
studies selected based on temporal and descriptive considerations. Results: Researchers have focused
on developing and applying analytical approaches using GIS to support two important aspects of
healthcare planning: first, epidemic surveillance and modeling, despite a lack of health information
and its management, and, second, evaluating the spatial inequality of access to healthcare in order to
determine the optimum distribution of health resources. Conclusion: GIS is an effective tool to support
spatial decision-making in public health through applying the evolving analytical approaches to
dealing with healthcare planning issues. This requires a literature review before preparing relevant
studies, particularly because of the continuous development of GIS technologies.

Keywords: GIS; healthcare planning; health geomatics; public health

1. Introduction

The relationship between health and place has long been acknowledged [1] and a concern of
scientists and researchers. The Hippocratic treatise was written 2400 years ago, to describe “Airs, Waters,
and Places” [2]. Intensive research continued to examine the relationship between health and place
by producing maps of disease over 200 years ago [3], which led to the founding of epidemiology in
the early 19th century by geographers [2].

However, there are many major issues affecting public health, which have led to geographical
studies with an important and effective role in understanding a spatial relationship between the place
and health, and enhancing aspects of community health, in addition to planning healthcare services [4].
In addition, understanding the relationship between health and place has led to the emergence
of a number of healthcare planning issues that affect the public health of people. In general,
the incompatibility between supply and demand is the basis for issues of healthcare service planning,
where the disparity between supply and demand creates an imperfect healthcare system. In other
words, spatial planners should represent the healthcare services in geographical areas in line with
the size of demand in such areas. Truthfully, it cannot be said that there is an ideal healthcare system
globally; for example, there is no ideal healthcare system in the southern-world countries. Furthermore,
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when looking at the northern-world countries that are more developed than the southern-world
countries, we find that there is similar inequality, where many urban areas are disadvantaged in terms
of utilizing healthcare services [5]. Hence, the interest of researchers and spatial planners has focused
on how to deliver healthcare services equitably and effectively to all individuals of society. Fortunately,
the recent emergence of GIS has enhanced the understanding of the spatial relationship between health
and place, thus, it is considered as an effective tool for dealing with healthcare planning issues [6].

From this standpoint, before starting work on any study of healthcare planning, a review should
be undertaken of the most important issues that have attracted the interest of researchers and spatial
planners during the past three decades, and that remain a focus today. In addition, what is the role of
GIS, as a helpful tool, in dealing with these issues? A literature review will be a useful contribution in
providing a a broad understanding of how analytical approaches related to GIS are applied to dealing
with healthcare planning issues.

This paper seeks to provide a useful contribution in addition to what has been presented within
previous studies and research, where it demonstrates in a different way a number of healthcare
planning issues, and highlights analytical approaches using GIS in dealing with these issues. The paper
will contribute to reaching the most important issues that need further investigation, analysis
and visualization to be considered as future trends that health organizations and officials should
deal with using GIS technology. Moreover, the paper will discuss the most important challenges
and obstacles that health organizations and officials face in applying GIS. The focus of the presented
paper will be on a number of issues that have not been extensively discussed in most of the previous
studies and research as the authors have believed. Accordingly, the objectives of this paper are as
follows:

1. Identifying the most important historical gaps related to health geomatics based on understanding
the spatial relationship between health and place. This will contribute to defining the most
important healthcare planning issues that health organizations, institutions and researchers have
been dealing with using GIS technology.

2. Discussing five independent issues related to healthcare planning, unlike most previous studies
and research that focused on reviewing one or two major issues (e.g., epidemiological planning
or health resources allocation).

3. Presenting a largest possible number of useful GIS analytical approaches related to each discussed
issue of healthcare planning. This will contribute to defining the gaps that need further
investigation, analysis and visualization under each issue.

2. Methods

This paper aims to provide a literature and critical review to examine healthcare planning issues,
and the potential of GIS in dealing with those issues. The method of a typical literature review was
used in this paper to recognize how to use GIS in applying analytical approaches for decision-making
associated with healthcare planning. In addition, this method will help in identifying recent trends,
the written research regarding the use of GIS in dealing with healthcare planning issues, and the issues
that require further investigation. The literature review included a set of studies, articles, and papers
about public health, healthcare planning, and GIS modeling that were published between 1978 and 2020.
The literary review was undertaken between October 2019 and mid-March 2020, when the authors of
the present paper reviewed 132 titles. After review, this paper focussed on 73 titles, while 59 titles
were excluded because they lacked at least one of these attributes: (1) focus on the healthcare aspect;
(2) focus on the GIS aspect; (3) available full text or (4) a detailed description supporting results
and recommendations. However, the reader is first introduced to a brief history of health geomatics
and the emergence of GIS. This will contribute to understanding the relationship between health
and place, and the developments of this relationship over history. This follows a review of the health
concept, in addition to a review of the spatial planning concept, and its role in providing an effective
healthcare system. Finally, we discuss healthcare planning issues, and present the role of GIS in
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dealing with these according to development of GIS technologies. In addition, we classify the spatial
distribution of studies reviewed that included the use of GIS technology in dealing with relevant issues.

3. Results

3.1. Brief History of Health Geomatics and GIS

The relationship between health and place was discovered in the distant past. The identifcation
and study of this relationship began with the father of medicine, Hippocrates. In his treatise, which
is about airs, waters, and places, he mentions that people who live in rough, mountainous country
at high elevation, which is characterized by well water and great differences of climate associated
with the various seasons, will have large physiques and display hardiness and bravery, with no small
degree of wildness in their character. On the other hand, he mentioned that people who live in
low, stifling lands that have cold winds and warm water, will be neither large nor slight but rather
broad, and bravery and hardiness are not an integral part of their natural characters. Consequently,
he deduced that people who live on lowlands near waterways were more likely to develop malaria.
In addition, Hippocrates (Figure 1) also wrote about topics such as the different characteristics of cities
and how they influence the public health of people [1].

 

Figure 1. Hippocrates and relationship between health and place. (Source: [1]).

Another example dates to almost 1500 years ago, specifically to the Persian physician and spatial
thinker, Al-Razi (Figure 2), who found the best location to build a hospital in Baghdad City. Al-Razi
made his spatial decision by placing pieces of meat in wooden columns in different places in Baghdad
City. He checked the pieces to determine where the last piece became spoiled. He then decided to
build the hospital in the location of that piece because it was free from smoke and dirt, and thus was
the cleanest and healthiest of the options, providing a space for patients in need of air that was fresh
and free from contaminants [1].

 

Figure 2. Al-Razi and the best location for building a hospital in Baghdad City (Source: [1]).

205



ISPRS Int. J. Geo-Inf. 2020, 9, 352

However, according to Koch and Tom [7] and Geraghty [1], the first spatial health map of plague
disease spread was produced in Bari, Italy, 1694 (Figure 3). The plague is considered one of the most
fearful diseases of all. At that time, nothing was known of what caused the plague disease or its
spread. The plague was contained through three spatial decisions. These decisions were designed
within the health map produced by the royal auditor Philip Arrieta. First, there was a coastal patrol to
contain the active disease. Second, a wall separated the active area of the disease from healthy areas,
with tents placed to symbolize troops to enforce the quarantine. Third, there was a general cordon to
protect the full province, and this cordon was also monitored by troops. As shown in the figure below,
cities were represented using simple drawings of either a church (with a cross) or a hospital (without a
cross), and trees were used to show uninhabited areas.

Figure 3. The first spatial health map of the plague disease in Bari, Italy, 1694. (Source: [1]).

The history of GIS in the field of spatial health actually began in 1854 when the cholera epidemic
hit the city of London, England. Indeed, this epidemic killed at a rate of 500 people per week. The hero
of this issue was Dr. Snow, who is known as the father of modern epidemiology. Dr. Snow took a
different approach in dealing with this epidemic through drawing spatial maps that included a number
of represented features relevant to the disease (e.g., outbreak locations, roads, property boundaries,
and water lines). As shown in Figure 4, when he added these features to the map, he discovered that
cholera cases existed along water lines, with a significant number of deaths (black color on the map)
centered around the water pump. Hence, spatial maps proved that cholera cases were spreading
through water, while many believed that the disease was spreading through air [1,8]. According
to GisGeography [8], Dr. Snow’s cholera epidemic map was an effective bridge linking geography
and public health; in other words, he emphasized that there was a relationship between the place
and health. This map is considered to be the beginning of the spatial analysis that later supported
the field of epidemiology, specifically in studying the spread of diseases. Dr. Snow’s work proved that
GIS is an effective tool for solving problems and making spatial decisions.

Figure 4. Spatial distribution of cholera cases in London, England, produced by Dr. Snow,
1854.(Source: [1]).
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The work of Dr. Snow enhanced a continuation of the GIS concept to support public health,
especially in epidemiology [9]. Historically, one of the leading works in the history of GIS and health
was published in 1875 when Alfred Haviland produced the first atlas of color maps for cancer disease
in the Divisions and Counties of England and Wales to locate areas with a high cancer rate. He used
the maps to prepare an argument based on environmental risk factors of the disease, of which
the most important was mineral production [10,11]. Later, the work of Haviland (Figure 5), reflected
the importance of GIS in studying cancer, where it contributed to enhancing the analytical capabilities
of epidemiologists and health officials. Thus, his work has enabled officials to detect environmental
risk factors and their relationship to cancer, especially in the 1970s. In the present day, GIS can be used
to produce cancer maps with a set of statistical and spatial analyses [12].

Figure 5. One of the atlas maps of geographical distribution of cancer disease in the Divisions
and Counties of England and Wales, produced by Haviland, 1875 (Source: [13]).

The spatial maps produced by the preceding works were printed on paper. The transition from
paper maps to digital maps ocurred after the emergence of computer systems, specifically in the period
between 1960 and 1990, during which the leading GIS systems were developed and marketed, including
the software of Esri [8]. According to Clarke et al. [14], computer systems were applied to geographical
sciences during the 1960s, while GIS was applied to scientific fields during the 1970s. That contributed
to producing maps easily, and facilitated the overlap of urban and health planning maps for selecting
suitable areas and locations for expansion based on several criteria. Moreover, the process of managing
spatial (geographic) databases was also facilitated.

However, one of the leading global organizations that has used GIS software in healthcare planning
and disease control is the Center for Disease Control and Prevention (CDC), which began using GIS in
the 1990s [15]. The CDC was established on July 1, 1946, in Atlanta, Georgia, USA. Initially, the primary
mission of this center was to prevent malaria from spreading across the nation. The center faced major
challenges to overcome mosquitoes with a budget of USD 10 million and only 400 employees, while
the healthcare services provided were few. In addition, there was a scarcity of medical epidemiologists
in the USA during that period. However, despite these challenges, disease control was the primary
goal of the CDC, and gradually the center overcame its difficulties to contribute to improving people’s
public health [16].

During the 1990s, GIS technology became a major tool at the CDC. The center used this technology
for improving people’s public health by surveillance of diseases, allocation of health resources,
assessment of environmental risks, and management, analysis and modeling of spatial data [15].
However, according to the WHO [17], nearly 17 million people die from heart disease and stroke
annually, with smoking and an unhealthy diet among the most important factors leading to these
diseases. Consequently, at the beginning of the millennium, the CDC, in cooperation with the WHO,
launched the “Atlas of Heart Disease and Stroke” based on ArcGIS technology (Figure 6). This project
is considered one of the leading and most successful models in improving public health globally.
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The purpose of designing this atlas was to provide an accessible reference for decision-makers in public
health, ultimately leading to the reduction of heart disease and stroke-related deaths in the US by
allocating health resources according to needs within specific geographic areas.

Figure 6. Example of atlas maps of heart disease and stroke produced by the Center for Disease Control
and Prevention (CDC). (Source: [18]).

GIS technology and software have evolved since 2000, especially in methods of spatial analysis
and modeling of public health [19]. For example, according to Aghajani [20], the International Health
Organization in Europe proposed the use of GIS to detect diseases in contaminated water areas in
2003. GIS contributed to caring for patients and managing their movements to ensure that they avoid
disease areas. In addition, in 2006, the Environmental Protection Agency proposed a strategic plan
for GIS to investigate a West Nile virus outbreak in Pennsylvania, USA. By studying and analyzing a
number of factors that contributed to spreading the virus easily, such as mosquitoes, blood transfusion,
breastfeeding, and hospital infection, the agency succeeded in determining the original location
and extent of transmission of the virus through healthcare centers using GIS. However, development
of GIS technology and software in the period since 2000 has also contributed to emerging new trends
that enhance using GIS as a tool for improving public health. These trends are considered as issues in
health planning, the most important of which are the monitoring of epidemic diseases, accessibility
and utilization of healthcare, disease mapping and its spread patterns, health information management,
and allocation of health resources [21]. Although the examples covered in this section may not cover
the entire history of GIS development, they identify individuals and institutions that have played a
major role in the development of GIS and its relationship with public health.

3.2. Overview of Healthcare Planning

Health is a basic human right that every individual should be able to enjoy at the highest
possible level [22]. However, it is an elusive term and can be defined in different ways; according to
the WHO, health is the foundation upon which physical and mental strength and social well-being is
based [23]. In light of this definition, it is clear that a healthy society can contribute to supporting social
and economic development, where its individuals will be more productive and effective due to their
good mental and physical ability and high social well-being. However, there is a strong correlation
between economic growth and healthcare; whenever rate of economic growth increases, governments
will provide equitable and balanced healthcare that meets all the needs of society’s individuals.
On the other hand, economic growth may not support the provision of equitable healthcare due to
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several reasons, the most important of which are the lack of available health resources and the weak
preparation and implementation of short- and long-term plans for distributing healthcare services
across geographic areas that have different population densities [24].

During the 1970s, the WHO and UNICEF adopted the “Health for All” strategy globally due to
weakening health levels of people caused by a number of factors, the most important being poverty,
and poor living conditions and nutrition. This strategy sought to achieve the highest possible level of
health for people, taking into account how to maintain that level, so that people can work well with
effective social participation. Therefore, such a strategy consists of a set of services that contribute to
protecting people from diseases, and enhancing their treatment options with low costs. This strategy
sought to achieve the highest possible level of health for people according to five basic principles:
(a) adopting several sectoral programs; (b) preventing an outbreak of disease; (c) making decisions
by community; (d) using suitable technologies; and (e) achieving equitable accessibility and spatial
distribution of healthcare services [23].

Spatial equality in access to healthcare can be achieved by understanding a concept of spatial
planning, and its role in providing an effective and equitable healthcare system for all [25]. However,
spatial planning is a set of methods used to address the distribution of individuals and activities in
different places and periods [26]. In other words, it is a set of structured actions that can be implemented
in a specific period of time at one or several spatial levels (national, regional, local). A range of tools
and methods are used over spatial planning to make the best sustainable use of available natural
and human resources. This type of planning seeks to create the desired change in the society with
the guidance, control, and follow-up of this change in different aspects of life to prevent any negative
effects. At the health level, the spatial planning of the healthcare system can be defined as a detailed
policy to provide healthcare services to all individuals; for example, programs and projects aimed at
achieving the perfect health level of the individual and society with specific characteristics in an given
period of time, by making the best use of the available materials and human resources [23].

The healthcare system consists of organizations, institutions, and resources aimed primarily
at improving public health. Such a system must provide services that meet existing and future
needs, that all individuals can access equitably. Nevertheless, there are a number of issues relating to
healthcare systems of both developing and developed countries, the most important of which is that
there are population groups with poor utilization and access to healthcare services because the equality
principle is not taken into account in the planning of healthcare services. The inequality of spatial
distribution of healthcare services can be overcome by practicing standards-based spatial planning for
such services, thus eventually contributing to improving the spatial performance of the healthcare
services system in general [23].

In light of the above, when agencies or ministries intend to adopt strategies or plans related to
the allocation of healthcare services, consideration must be given for how to provide equitable access
and to overcome spatial disparities. This requires taking into account spatial planning standards for
the distribution of healthcare services in a specific geographical area, thus highlighting the importance
of studying the spatial distribution of population densities and estimating demand for the services.
Moreover, spending financial resources on healthcare services must ensure health benefits are achieved
for people that equal the real value of spending. In other words, there must be a balance between
the fair provision of such services and their operation at high efficiency.

3.3. Issues of Healthcare Planning and GIS Role

Several references, such as [4,27], identified the most important major issues affecting the health
of societies. These issues will be reviewed, in light of the role of GIS in dealing with them, over the past
three decades. In addition, the concentration will be on reviewing and discussing only empirical issues
that are concerned with how to plan and organize healthcare services (spatially) within a specific
geographical area.
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3.3.1. Epidemiological Planning and Disease Mapping

One of the most important research areas during the past two decades is the study of spatial
epidemiology by GIS [28]. However, the study of spatial epidemiology requires answering a number
of important inquiries, the most important of which are: Where do these epidemics occur? What are
the environmental factors that lead to outbreaks of epidemics? What is the evolution of the spatial
patterns of these epidemics? [29]. These questions can be answered through the GIS tool. For instance,
GIS can determine the locations of epidemics, and uses demographic, economic, and environmental
data to study and analyze spatial relationships within the affected area [30].

The epidemiological planning issue has been supported by various GIS studies in the healthcare
planning area [31]. Geographers and spatial planners have focused on modeling epidemic diseases in
many studies [32]. The socioeconomic characteristics of the population are considered one of the most
important factors on which epidemiology studies are based. Mapping the spatial distribution of
epidemic diseases can be implemented by a number of methods, the most important of which is
the method of choropleth GIS maps. Through these maps, disease rates are drawn on a basic map
in order to determine the severity of and vulnerability to an epidemic disease. Moreover, the spatial
distribution of epidemic diseases can also be implemented by modeling the prediction of disease risk
using the kernel estimation method [33].

There are a number of studies that have shown that GIS is a useful tool for epidemiological
planning [19]. Cliff, Haggett and Ord [34] studied and analyzed influenza outbreaks in Iceland
(see Figure 7). Before 1900, there were no records of this disease in Iceland. In contrast, the outbreak
of the disease over a period of three decades contributed to providing a useful mapping test related
to spatial patterns of disease spread. They found that the infection moved and spread hierarchically
through the air. It moved from Reykjavik (the capital) to the smaller provinces, and then to the small
towns, and eventually to the rural areas. When looking at the map outputs, it became clear
that the hierarchical and spatial aspects of the patterns of disease spread were useful to spatial
planners. This eventually contributed to overcome the influenza disease across urban and rural areas.
Gould and Wallace [35] also used a hierarchical process to observe that HIV/AIDS began to spread in
the United States in the early 1980s. To remedy the situation and manage the spread of the disease,
they used GIS to map the current status and potential future in terms of disease spread. Moreover,
they tried to map the disease spread as clusters to contain and understand the disease.

 

Figure 7. Reported influenza morbidity in Iceland in the period from January 1915 to December 1976.
(Source: [34]).
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In another work, Braga et. al [36] mapped lung cancer clusters in the cities of Viterbo and Lucca,
Italy. Standard methods, such as kernel and Bayesian, were used to determine disease rates at
the cluster level. Brown et al., [37] used GIS as an effective tool in investigating spatial inequality of
the delivery of healthcare services in Merseyside, UK. Furthermore, Wrigley [38] used GIS to model
the disease-affected areas according to the demographic characteristics and the socioeconomic variables
of the population. In Johnson’s work [39], prostate cancer incidence rates were modeled using GIS in
New York State. In this work, infection rates (SIRs) of prostate cancer were subjected to the hierarchical
modeling of Bayesian by zip code to determine the relative performance of spatial data. In this work,
spatial data were linked to air quality data.

In the area of integration between GIS and epidemiological techniques, Rasam et al. [40] used an
exploratory analysis approach to identify patterns of spatial distribution of cholera in the Sabah area of
Malaysia. In this study, cholera cases were mapped using spatial statistics within a GIS enviroment
(see Figure 8). An epidemiological technique (i.e., a cohort technique) was also used to examine
the disease’s spread. As a result, it became clear that the disease was easily transferred from person
to person, especially in the area within 1500 meters from the patient location and with contaminated
water. Hence, this study showed that GIS is considered an effective epidemiological technique for
mapping patterns of the spatial distribution and directions of disease.

 

Figure 8. Spatial mapping and analysis of cholera in the Sabah area, Malaysia. (Source: [40]).

Recently, the management of outbreaks of diseases such as Ebola and measles has become one of
the most advanced practices in the epidemiological planning area. For example, during a measles
outbreak in Disneyland in December of 2014, GIS maps played a large role in developing a general
perception of the locations where children with the disease live, and the potential spatial directions for
the spread of this disease. In addition, these maps have been recently used in the field of vaccination
in various countries and throughout the United States to identify the locations that need higher rates
of vaccination, as well as to identify the locations that seriously suffer from outbreaks of this type of
disease [41].

According to Sones [42], GIS can map outbreak of diseases. In the USA, measles was thought to
be eradicated in 2000. However, measles returned in 2019, with the CDC reporting at least 764 cases in
23 states. GIS maps related to the spread of measles were used by the Washington Post newspaper,
where it appeared that most cases did not receive a vaccination, while 10% of those who were infected
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were vaccinated. However, it became clear through GIS maps that the incidence of measles has
risen in geographical areas that contained children who had not received vaccination for the disease,
and particularly of parents in 17 US states who were free to choose whether to vaccinate their children.
Therefore, public health officials considered such areas as sources for the spread of measles. On the other
hand, it became clear that measles may be transferred from one area to another through airborne
hosts, especially in unvaccinated areas. Hence, decision-makers used GIS as a tool to compute measles
cases and track the directions of disease outbreaks by mapping the disease. These maps helped
decision-makers to reduce gaps in health services by identifying a number of factors (e.g., locations
of patients, number of disease cases, and time period of the disease spread). Analysis of such data
contributed to detecting areas of population suffering from a deficit of health services, and to identify
optimal locations for these services in the future.

To sum up, many references were reviewed here to reveal what was written about the issue
of epidemiological planning and disease mapping. A total of 12 studies were used to investigate
the role of GIS in dealing with such issues. The studies focused on the United States, England, Italy,
Saudi Arabia, India, and Malaysia. In addition, they included a total of 33 authors (range: from one
author to seven authors), with half of the studies conducted by one author. Moreover, they were
published by a total of seven core journals in the period from 1991 to 2019.

3.3.2. Accessibility and Utilization of Healthcare Services

GIS is an effective tool for dealing with issues of healthcare services, espicially those related to
service location [43]. The WHO and the World Bank [44] emphasized that nearly half the world’s
population faces difficulty in accessing healthcare. Thus, it is essential that easy and equitable
access to healthcare services be available to all areas of the population, including those without
private transportation [45]. However, there are many areas related to this issue, with the most
important of them being: (1) identifying the optimal location for health care services; (2) understanding
the relationship between the current locations of services and actual healthcare needs; and (3) evaluating
spatial accessibility to healthcare services. There is also another very important question, namely,
what are the healthcare needs for population, as well as how should authorities allocate healthcare
resources to serve the population? Hence, GIS has the answer to this question [30]. For example,
Jonhs and Bentham [46] used GIS to examine the relationship between healthcare and accessibility.
Furthermore, Forbes and Todd [47] proposed the possible locations of new centers to treat cancer
patients in England using GIS. Therefore, finding the optimum location of healthcare service is one of
the resource optimization tasks for the health authority. However, there are a number of GIS models
that help determine the best location for healthcare services, such as the models of location allocation
that modern GIS software provides. Through these models, spatial planners can evaluate accessibility
to healthcare service after identifying areas with poor accessibility to services locations. Then, they
can provide planning proposals and interventions that contribute to improving poor accessibility to
healthcare service locations [30].

Any study on accessibility and utilization of healthcare should be aware of a number of important
factors, such as socioeconomic variables, need, equity, supply, and demand [48]. Many researchers
and spatial planners have used these factors to enhance their spatial data for modeling accessibility
and utilization of healthcare services [49]. For example, supply can be represented by the number of
healthcare services provided in a specific geographical area or catchment area, as well as the spatial
distribution patterns of service locations and their relevant operational capacity [50]. In the study of
Khan and Bardwaj [51], socioeconomic variables were entered into their spatial data for developing
a comprehensive understanding of accessibility. For example, they took into account the income,
education, social class, insurance, and other variables that affect how people access and use healthcare
services. Practically, to reach an integrated spatial model, the variables were linked to the spatial
aspects of the location, supply, demand, time, and distance.
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Before the advent of GIS, researchers and spatial planners used the traditional approach based on
the Euclidean distance to model accessibility to healthcare services. Due to GIS, modeling accessibility
to healthcare services has become more efficient and effective through using a new set of analytical
approaches based on distance and travel time [49]. This modeling is based on the following spatial
data layers: (1) the layer of healthcare service locations and their spatial distribution (supply) [52];
(2) the layer of population distribution and their demographic data (demand/need); and (3) layer of
the transportation network linking potential patients and healthcare services [53–55]. These three
preceding layers have become the most important basic spatial data that can be merged and overlapped
in a GIS environment to model accessibility for the planning of healthcare services [4]. For instance,
Brabyn and Skelly [56] merged the preceding layers in a vector (linear) GIS for modeling accessibility
to public hospitals by distance and travel time across New Zealand. The accessibility scores were
determined per area and population. As a result, they found that there are some locations with
low accessibility to hospitals in New Zealand, particularly in northern and southern areas with high
average travel times to hospitals (Figure 9). In addition, via GIS, Murad [57] created a geo-database
including health center locations, population distribution, and road network to identify accessibility to
healthcare centers in the city of Jeddah, Saudi Arabia. By the drive-time analysis technique, the study
revealed that there are areas of Jeddah with low accessibility to healthcare centers since they fall outside
the 30 min drive-time service area.

 

Figure 9. Modeling population access to New Zealand public hospitals. (Source: [56]).

Furthermore, in a comprehensive study, Christie and Fone [58] used GIS for modeling accessibility
to hospital services in Wales. They identified the travel time per social group (weighted by deprivation
score). The study found inequality in the provision of hospital services, where there were many
parts (disadvantaged areas) with poor accessibility and utilization of services, in contrast to the rich
population areas. However, when looking at the preceding studies, we find that they focused on using
distance and travel time as techniques to model accessibility to healthcare services. In other words,
with the advent of GIS, most studies have moved on from focusing on using Euclidean distance, which

213



ISPRS Int. J. Geo-Inf. 2020, 9, 352

had been used to model accessibility, to using distance and travel time techniques, thus increasing
the effectiveness and precision of accessibility modeling.

With recent developments in GIS techniques, many researchers have developed models of
accessibility to healthcare services. Luo and Wang [50] developed a model of accessibility to primary
care in the Chicago area. They adopted the raster travel friction approach for modeling accessibility.
In the area of GIS-based accessibility analysis, Mokgalaka [59] measured accessibility to primary
healthcare services to assist in spatial planning. To do this, facility utilization rates in the form of
headcounts were combined with GIS-based accessibility analysis. In this study, GIS was used to define
three different scenarios to identify the level of demand for primary healthcare services, where it
became clear that databases and patient records are not available. These GIS-based scenarios were
tested to model catchment areas. As a result, the levels of demand for primary healthcare services
varied across the three scenarios, where it appeared that the number of headcounts in the facility
contributed to this difference in demand; that is, the higher the number of headcounts in the facility,
the higher the demand for it. Hence, spatial distribution plans for primary healthcare services can be
developed by incorporating GIS-based accessibility analysis and facility utilization rates.

In addition, Luo and Wang [50] developed a gravity model approach using GIS, where they
adopted the floating catchment area (FCA) weighted by location and population. In a similar study on
the accessibility of primary healthcare in Washington DC, the gravity model approach was developed
by Guagliardo [60] via incorporating a kernel density element. The last decade has witnessed a new
wave of progress in location-based accessibility theory, especially through developing the method of
the two-step floating catchment area (2SFCA), which is considered an FCA method. This method
can help spatial planners to evaluate spatial inequality of providing healthcare services. For example,
Kanugantia, Sarkarb and Singh [61] studied the spatial performance of the healthcare system in
the Alwar district of Rajasthan. Through GIS, a two-step floating catchment area (2SFCA) was used
to measure accessibility to healthcare facilities in rural areas that mainly suffer from spatial isolation
from the facilities. This study contributed to recognizing areas that have low accessibility to healthcare
facilities. Hence, this study helped to improve the road network and propose new healthcare facility
locations in order to enhance the spatial performance of healthcare system in the region.

Another example is the work of Tao and Cheng [62], who studied accessibility to healthcare
services by elderly people in Beijing (see Figure 10). A multimode and variable-demand two-step
floating catchment area (2SFCA) model based on travel time technique was developed to measure
the elderly’s accessibility to healthcare services in Beijing, taking into account that the challenge was
competition among elderly and nonelderly people for accessing services. As a result, it appeared that
there is a high demand on healthcare services by the elderly, who are considered deprived of private
mobility, and rely on public transportation to access services, unlike the nonelderly, who have private
mobility with low demand on services. Hence, new health resources should be allocated to improving
accessibility to services via public mobility, especially in areas that have low accessibility to services.
In addition, Ni et al. [63] benefited from the 2SFCA method in effectively identifying more realistic
details of accessibility to healthcare services. They used an improved method to integrate all modes of
transportation with the 2SFCA in order to estimate accessibility to services of healthcare in Nanjing City.
They used the travel-mode technique depending on distance to define the complicated multi-mode
travel behavior of the population. Door-to-door approaches were proposed to define each aspect of
the primary transportation. Moreover, open data was processed to compute the origin–destination
time cost. In a last step, the improved method was applied to estimate the population’s accessibility to
healthcare services by comparing it with three single-mode 2SFCA methods.
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Figure 10. Modeling the spatial accessibility of the elderly to healthcare services in Beijing, China using
a multimode and variable-demand two-step floating catchment area (2SFCA) model. (Source: [62]).

To summarize, many references were reviewed here to reveal what was written about the issue
of accessibility and utilization of healthcare services. A total of 21 studies were used to investigate
the role of GIS in dealing with such issues. The studies focused on the United States, England, Ireland,
Scotland, Saudi Arabia, South Africa, China, Moldova, and India. In addition, they included a total
of 42 authors (range: from one author to five authors), and half of studies were conducted with two
authors. Moreover, the studies were published by a total of 17 core journals in the period from 1984
to 2018.

3.3.3. Public Health and Information Management

GIS is considered a useful tool in the Health Management Information System (HMIS); furthermore,
it can make a healthcare delivery system more effective and efficient. GIS includes health planning,
mapping of the risk service area, database management, and location identification [64]. During
the 1980s in the UK, technical staff in the Local Health Units (LHU) looked for methods and techniques
to help plan healthcare services and resources. They used GIS to develop information systems to link
data attributes to each other, such as services, population, health outcomes, and socioeconomic data.
This process was activated by GIS at the country level, and particularly in Italian provinces [4].
With the development of Internet platforms, healthcare information is presented and easily
accessible [65]. For example, the WHO and the CDC in the US contributed to publishing several types
of data and information relating to spatial healthcare during the last decade. In contrast, there is a lack
of interactive information that enables the public to make spatial inquiries or analyses, since, at present,
most spatial information relating to healthcare is in the form of traditional flat maps [66].

GIS has the ability to disseminate and manage the tools and base data via Internet platforms [67].
For instance, the health maps produced by the WHO are a model for addressing public health issues,
and managing growing infectious diseases [66]. Moreover, the work of Singhasivanon et al. [68] is
an example of the ability of GIS in sharing data and monitoring disease. They provided a spatial
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model and management analysis of drug-resistant malaria in the Mekong Delta. In addition, one
effective and successful example is the Health Atlas produced by the Health Observatories in the UK
and Ireland, which is considered a new online product [69]. In 2003, the SARS information system was
managed via the development of a Web-based interactive GIS, which enabled the public to participate
in preventing relevant activities (see Figure 11) [70]. In another work related to GIS on the Internet,
Abdullahi, Lawal and Agushaka [71] designed a Web-based GIS for the health system. This allowed
workers in the health sector to share and manage data, and access information that enables them to
find the nearest hospitals that provide improved healthcare services in Zaria, Nigeria.

 

Figure 11. Web-based Geographic Information Systems (GIS) for public health information visualization:
distribution map with pie chart to express public health information. (Source: [70]).

In addition, there is a relationship between epidemiological mapping and healthcare information
management. For example, Masimalai [72] used GIS in analyzing the spatial directions associated
with the spread of filariasis in India, taking advantage of the potential of GIS in managing health
information related to the disease. As a result, it appeared that GIS is an effective tool in mapping
epidemiological information of filariasis, and therefore, management and surveillance of the disease is
easier for decision-makers in India. In the area of linking management of patient information and GIS,
according to Moore et al. [73], the Ministry of Health coordinated with stroke centers in Kentucky to
implement a project to improve the quality of stroke encounters. From 2008 to 2018, there were 23
hospitals that inserted 76,222 records of stroke patients using the Patient Management Tool (PMT).
The aim of this project was to link stroke patient records with GIS to improve patient care management.
As a result, the use of GIS maps has helped public health officials and hospital stroke coordinators to
develop possible interventions to improve stroke care.

To sum up, many references were reviewed here to reveal what was written about the issue of
public health and information management. A total of nine studies were used to investigate the role of
GIS in dealing with such an issue. The studies focused on the United States, England, Ireland, Nigeria,
and India. In addition, they included a total of 34 authors (range: from one author to 12 authors),
and nearly half of studies were written by three authors. Moreover, they were published by a total of
seven core journals in the period from 1999 to 2019.

3.3.4. Public Health Surveillance

This area is closely related to public health by collecting, analyzing, and interpreting health data to
plan and evaluate public health practices. Public health surveillance helps in: (1) following up progress
in achieving public health goals; (2) detecting the impact of interventions aimed at upgrading public
health; (3) monitoring epidemic diseases and identifying associated problems; (4) identifying public
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health priorities, policies, and strategies; and (5) predicting sudden emergency cases [74]. However, in
recent years, outbreaks of disease have increased in terms of number and complexity, and the threat of
such diseases to the public health of societies has reached dangerous levels [75]. According to Wiafe
and Davenhall [76], new diseases such as Severe Acute Respiratory Syndrome SARS have emerged,
while other diseases, such as tuberculosis, have returned. These diseases have appeared for a number
of reasons, the most important of which is the large increase in travel and international trade in recent
years, which has led to the spread of diseases across geopolitical and international borders at large rates
(for example, the outbreaks of SARS and bird flu). These diseases threaten societies, which leads to
the need to establish an effective system for disease surveillance. Through this system, the information
necessary will be available for public health officials to identify and manage outbreaks of disease.
Successful disease surveillance requires a standardized methodology, as well as appropriate tools for
collecting data rapidly and accurately, with timely dissemination. Hence, the best current system that
can monitor disease is GIS, which is the preferred technology for collecting, analyzing, displaying,
and sharing specific spatial data at the right time [43].

Public health surveillance is mainly based on a number of important elements, the most important
of which are: (1) tracking epidemics; (2) evaluating potential infection; and (3) designing health
interventions [77]. GIS is an effective tool in managing and analyzing data in health surveillance.
For example, GIS has been used to successfully monitor and analyze reproductive outcomes for
mothers who live near hazardous waste locations [78]. Moreover, GIS can monitor infectious diseases
that basically spread by disease vectors because it has the ability to identify the environmental factors
of disease vectors. GIS has contributed to the monitoring and spread limitation of a number of diseases,
the most important of which are: (1) malaria; (2) onchocerciasis; and (3) Lyme disease [4].

There are many successful instances of disease surveillance using GIS. One study was the work of
the WHO and UNICEF in 1993. They developed the Public Health Mapping Program to overcome
Guinea worm disease, which has spread in the rural poor. They used GIS as tool to monitor the spread
of disease infection and eradication efforts, and to identify populations at risk. This work is considered
an effective example of how GIS could be used to control Guinea worm disease [79]. In addition,
and with more advanced work, DC Health in 2016 responded to the outbreak of Zika disease. It used
ArcGIS Online to accurately map mosquito trap locations and breeding grounds, leading to a more
thorough understanding of mosquito populations, as well as potential health risks in the area [80].

Disease surveillance with GIS and remote sensing functions can be effective via risks maps that
include areas suffering from environmental conditions that contribute to the spread of diseases [81].
According to Pam et al. [82], combining GIS and remote sensing techniques is considered an
exciting development in epidemiological studies, particularly in the surveillance of vector-borne
diseases. For example, Kalluri et al. [83] used GIS and remote sensing as a tool for surveillance of
vector-borne diseases. In this study, remote sensing techniques were discussed for studying mosquitoes
(see Figure 12), ticks, flies, and sandflies. GIS maps were used to track the climate change that may
affect the abundance of vectors. As a result, the combination of GIS and remote sensing was an
effective method in the surveillance of potential vector-borne diseases, and evaluating the human
environmental damage. In addition, the study discovered that one of the most important contributors
to vector-borne diseases is wildlife environment. Moreover, in another study related to eliminating
malaria in the Solomon Islands, the government implemented a program for surveillance of the spread
of the disease, and its elimination, by integrating GIS and remote sensing functions. As a result, this
program significantly contributed to decreasing the incidence of malaria cases in Solomon Islands;
consequently, the malaria disease-based death rate also decreased [84].

In addition, many countries have made significant progress in using infectious disease surveillance
systems through GIS. These systems could somewhat control disease outbreaks. However, countries
face a number of challenges that affect the operation of these systems effectively and efficiently.
The most important of these challenges are: (1) weak infrastructure and coordination between relevant
health organizations; (2) weak technical systems of health organizations and facilities; (3) weak
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financial resources for systems development; and (4) untrained human resources to use such systems.
Consequently, the number of diseases and deaths may not decrease over time. These challenges
will negatively contribute to the decision-making process and interventions aimed at eliminating
and controlling infectious diseases effectively and efficiently [85].

 

Figure 12. Maps showing the potential distribution of four species of mosquito in the United States.
(Source: [83]).

To sum up, many references were reviewed here to reveal what was written about the issue of
public health surveillance. A total of 11 studies were used to investigate the role of GIS in dealing
with such an issue. The studies focused on the United States, Canada, Japan, Solomon Islands, India,
and Zambia. In addition, they included a total of 36 authors (range: from two authors to nine authors),
and nearly half of studies were written by two authors. Moreover, they were published by a total of
eight core journals in the period from 1992 to 2019.

3.3.5. Location Allocation and Optimal Location Modelling

One of the important issues associated with healthcare planning is modeling the optimal allocation
of healthcare service locations [86]. Therefore, this issue has been a theoretical problem facing spatial
planners for some time, especially in the predigital period, when the focus was on planning the location
of healthcare services efficiently, ensuring the spatial performance of healthcare systems was improved
within urban and rural areas [87]. Location–allocation models are used to select optimal locations
for new services, including healthcare services; for example, selecting a new location for a primary
healthcare center or diabetes center taking into account existing locations for available healthcare, as
well as the basic demand for services. Location–allocation models are represented in mathematical
programming approaches that can be described as a set of numerical methods that contribute to solving
optimization problems associated with public health scenarios. In addition to planning new locations
for services, location–allocation models can contribute to evaluating service delivery in a specific
geographic area [88].

The spatial decision-making associated with allocating healthcare service locations depends on
a set of various scenarios, such as: (1) planning a new service location; (2) adding a new service
into existing services; and (3) removing existing services. Due to the emergence of GIS in the digital
period, and the discovery of geographic computational methods, analysis of spatial data for health
care service locations has been enhanced, assessment of various scenarios can be undertaken more
quickly, and the optimum allocation of services is much simpler [66]. Historically, several studies
addressed the location–allocation models of healthcare using GIS. One of the successful examples of
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the location–allocation problem is the work of Forbes and Todd [47], which used GIS to assess possible
locations for allocating new units to treat disease of cancer in England. This study estimated travel time
for a number of potential locations by assuming specific speeds within the road network, combined
with population areas to determine travel time zones. Population and patient numbers were calculated
for different periods by recording population and cancer case data. The best location was the one that
had the maximum population for the desired maximum travel times.

It is also possible to investigate the use of health services, and to improve or propose new services,
by combining accessibility models and location–allocation models within the GIS environment [86].
For example, Abdelkarim [89] also integrated accessibility and location–allocation models into GIS
to improve spatial planning and environmental sustainability of healthcare services in Al-Madinah
Al-Munawwarah, Saudi Arabia. The study aimed to support the spatial allocation of health services
in Al-Madinah Al-Munawwarah. The study also included many types of health services, the most
important of which were hospitals and healthcare centers. The researcher used the network analysis
method to measure the accessibility to health services through different time periods (i.e., 5 min,
10 min, and 15 min). Moreover, the maximum coverage model was used during a response period
of no more than 15 min. As a result, the study’s findings revealed that residents suffer from poor
accessibility to healthcare service coverage areas due to poor spatial distribution of healthcare services.
The study also proposed providing 24 new healthcare service locations to cover a lack in some areas
of the city. In another work, Polo et al. [90] combined location-allocation models and accessibility
models within a GIS environment in order to support health service planning (i.e., dog and cat
sterilization services) in Bogota, Colombia (Figure 13). Moreover, they modified the 2SFCA method
based on a set of considerations to measure the spatial accessibility to health services without modifying
location–allocation models. As a result, they discovered that there were disadvantaged areas in accessing
health services, especially those in central, western, and northern Bogota. Consequently, the spatial
accessibility to health services was increased by moving the locations proposed by the maximum
coverage model.

 

Figure 13. Spatial accessibility to sterilization sites arising from the location–allocation models in
Bogota, Colombia. (Source: [90]).
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To sum up, many references were reviewed here to reveal what was written about the issue of
location–allocation and optimal location modelling. A total of seven studies were used to investigate
the role of GIS in dealing with such an issue. The studies focused on the United States, England,
Finland, Saudi Arabia, and Colombia. In addition, they included a total of 18 authors (range: from one
author to four authors), and nearly half of studies were written by two authors. Moreover, they were
published by a total of five core journals in the period from 1995 to 2019.

4. Discussion

In this paper, our literature review briefly surveyed the literature related to a number of key issues
that fall under the field of healthcare planning. In other words, the previous research and studies
related to healthcare planning were summarized and presented from the perspective of a number
of key issues with examining the role of GIS in dealing with such issues. This literature contains a
rich context of theoretical, analytical, and quantitative aspects that can be recognized by reviewing
them fully. It was clear from the literature survey that the relationship between GIS and healthcare
planning issues is constantly evolving at the global level. The tremendous and vital development of
GIS technologies has contributed to understanding such issues, and its relationship with different
geographical areas. Consequently, this development of GIS technologies has been efficiently supporting
health professionals in studying and analyzing issues of healthcare planning by a number of applications
based on analytical approaches.

Before the emergence of GIS, the spatial relationship between place and health was an important
issue for scientists and researchers. This relationship was explained by simple spatial analysis based on
paper maps that described the spread of epidemic diseases and were used to support spatial decisions
for dealing with diseases. Ever since Dr. Snow’s work aimed at overcoming cholera in London in
1854, monitoring diseases has depended on maps-based spatial analysis, including features such as
disease outbreak locations, road networks, and property boundaries. Thus, making spatial decisions
to address epidemic diseases was more effective and accurate, and the spatial relationship between
place and health was better understood and more obvious. Over time, Dr. Snow’s work has promoted
the continued development of GIS, especially in the field of epidemiology, which has contributed to
enhancing health officials’ capabilities in terms of spatial planning, analysis, and monitoring epidemic
diseases and their spread. Identifying factors of environmental risk and their role in emerging diseases
has been enhanced, especially with the development of statistical and spatial analysis methods within
the GIS environment. The emergence of computer systems in the 1960s led to the birth of a growth
era for GIS, specifically with regard to producing digital maps, applying spatial analysis methods,
and managing spatial databases. This contributed to supporting healthcare planning and responding
to epidemic diseases by allocating health resources, assessing environmental risks, and managing,
analyzing, and modeling spatial data.

It was clear from the literature review that there are many healthcare planning issues that have
gradually emerged with the development and understanding of the relationship between health
and place, which are considered the main two factors in the planning of healthcare. Based on the review
and its findings regarding the recent trends in this subject, the most important issues were found to be
epidemiological modeling and disease mapping, the evaluation of the accessibility and utilization of
healthcare, disease surveillance, and health information management, as well as location-allocation
modeling for healthcare services. These issues must be taken into consideration before working on
any study of healthcare planning. Scientists and researchers have investigated these issues during
the past three decades in order to develop analytical approaches that support the field of human
public health. However, based on the literature examined in this paper, it appears that the analytical
approaches of spatial studies associated with healthcare planning have reached an acceptable level
of maturity and rationality, and it is possible to apply these approaches to more complex issues
related to healthcare planning, particularly with the recent development of GIS technologies. But in
contrast, the literature review confirmed that geographic researchers and spatial planners have been
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highly focusing on developing and applying analytical approaches to support two important issues
of healthcare planning: first, modeling epidemics in order to monitor and prevent their spread, and,
second, to assess inequalities in access to healthcare in order to determine the optimal allocation of
health resources. Achieving these two aspects depends on robust analysis, which mainly depends on
the availability of a valuable base of spatial and attribute data. Moreover, analytical statistics processes
within GIS environments require a high quality and accuracy of data that facilitates comparison
between scenarios and outputs of the analysis. In contrast, the development of models and analytical
approaches has contributed to improving the accuracy and quality of spatial data that are processed
and analyzed within the GIS environment.

Studies reviewed in this paper emphasized that GIS has a positive role in addressing a reasonable
area of healthcare planning issues. It has contributed to creating an appropriate environment for
utilizing analytical approaches to address healthcare planning issues, especially in terms of issues
related to optimal allocation of health resources based on set spatial behaviors between supply
and demand. Thus, GIS can be an effective tool for dealing with healthcare planning issues, especially
with (1) the continued significant development of GIS technologies worldwide, and (2) the cognitive
development of planners and health professionals in practicing applications based on analytical
approaches that have been supported by advanced technologies of GIS. GIS is now used in epidemiology,
specifically relating to environmental epidemics, where GIS can assist in understanding and analyzing
patterns of disease spread, and modeling relevant environmental exposure factors, effects, and risks,
provided that an effective system is available to manage health data and information. GIS can also
help achieve equality of access to healthcare by examining and evaluating use patterns of demand for
healthcare, and allocating optimal locations for healthcare facilities based on population distribution,
locations of health facilities, transportation and road networks, and other factors.

Although GIS has been contributing to supporting healthcare planning using analytical approaches
and statistical methods, the application of these approaches and methods to GIS-based healthcare
planning faces a number of key challenges. The most important of these are, first, the lack of availability
and weak management of health information, and, second, the lack of maps of spatial behaviors
observed between supply and demand. Third, and most importantly, the lack of spatial data is one of
the most important key challenges facing the healthcare planning process based on GIS. GIS deals
with healthcare planning issues through a set of analytical approaches and statistical methods that
require availability of several types of spatial data. For example, good modeling and planning of
epidemics requires data on environmental risk areas and their descriptive characteristics, and this is
difficult to acquire in many countries. This is particularly true of developing countries, which may
also have fertile environments for the spread of epidemics and diseases, thus complicating the issue.
In addition, a successful health information management system requires the availability of spatial
data that allows accurate inquiries and analyses of the public and workers in the health sector. These
challenges are considered as obstacles for any practical task in healthcare planning to ensure theoretical
and quantitative work is logical in a real world environment.

5. Conclusions

GIS is an effective tool to support spatial decision-making in public health through applying
the evolving analytical approaches to dealing with healthcare planning issues. This requires a literature
review before preparing relevant studies, particularly because of the continuous development of
GIS technologies. However, it is clear from the literature reviewed that there are aspects that need
further investigation to be considered as future directions that health organizations and officials
should deal with using GIS-based analytical approaches and statistical methods. First, the GIS-based
analytical approaches used for modeling epidemics depend highly on the availability of census
data to give a more realistic representation of the disease spread and prediction of locations of
populations at risk. In addition, the census data used for the modeling epidemics should be of
high quality and accuracy in order to be in line with the requirements of recent GIS techniques,

221



ISPRS Int. J. Geo-Inf. 2020, 9, 352

and this is a major challenge, especially in developing countries. Second, the GIS-based analytical
approaches used for modeling of accessibility to healthcare services depend on the availability of a set
of spatial data (e.g., distance from origin to healthcare service) and nonspatial data (e.g., estimation
of demand based on demographic characteristics of the population). Nevertheless, the biggest
challenge consisted in how to estimate the demand for healthcare services in light of the low quality
and accuracy of the demographic and socioeconomic data of population that can describe patients’
behavior in seeking the appropriate service. Third, the GIS-based analytical approaches used for
developing health information systems including epidemiology management, disease surveillance
and health risk analysis require the availability of precise enviromental risk data. Nevertheless, health
organizations and specialized researchers face a difficulty in using these approaches to develop their
health information systems due to the lack of enviromental risk data entered into interactive information
systems for disease management and surveillance. This represents a major challenge, especially at
the level of conducting inquiries and spatial analyses by specialists and the public. Fourth, many
health organizations and specialized researchers have been using the GIS-based analytical approaches
to monitor outbreak of epidemic diseases, assess potential infections, map disease risks, and predict
sudden emergencies. Public health surveillance systems need the accurate data about the surrounding
environment of the population at risk. Consequently, the application of analytical approaches to
improve public health surveillance facing difficulty due to the poor organization, collection, analysis
and interpretation of such data. Hence, that requires the development of health information systems
in general.
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