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Abstract

Background: The outbreak of coronavirus 2019 (COVID-19)
which emerged in December 2019 spread rapidly and cre-
ated a public health emergency. Geospatial records of case
data are needed in real time to monitor and anticipate the
spread of infection. Methods: This study aimed to identify
the emerging hotspots of COVID-19 using a geographic in-
formation system (GIS)-based approach. Data of laboratory-
confirmed COVID-19 patients from March 15 to June 12,
2020, who visited the emergency department of a tertiary
specialized academic hospital in Dubai were evaluated using
ArcGIS Pro 2.5. Spatiotemporal analysis, including optimized
hotspot analysis, was performed at the community level. Re-
sults: The cases were spatially concentrated mostly over the
inner city of Dubai. Moreover, the optimized hotspot analy-
sis showed statistically significant hotspots (p < 0.01) in the
north of Dubai. Waxing and waning hotspots were also ob-
served in the southern and central regions of Dubai. Finally,
there were nonsustaining hotspots in communities with a

very low population density. Conclusion: This study identi-
fied hotspots of COVID-19 using geospatial analysis. It is sim-
ple and can be easily reproduced to identify disease out-
breaks. In the future, more attention is needed in creating a
wider geodatabase and identifying hotspots with more in-

tense transmission intensity. ©2021 The Author(s)

Published by S. Karger AG, Basel

Introduction

The surveillance of diseases using maps has evolved
over time. The use of dot maps by Dr. John Snow in the
mid-1800s, which added up to the evidence that cholera
is a waterborne disease, is one of the prominent historical
events of using maps in health [1]. The spatial analysis of
health and disease and their relationship to the geograph-
ic environment can provide valuable epidemiological in-
sights [2]. The efficient and prompt collection of commu-
nity-oriented data by emergency physicians can pave the
way for community-responsive medicine and bridge the
gap between emergency medicine and public health [3].
Malaria is one of the most common infectious diseases,
for which many studies have been conducted through
spatial analysis [4]. Moreover, spatiotemporal clustering
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analysis has demonstrated the diversity and transmission
dynamics of HIN1 during the epidemic [5]. The CO-
VID-19 disease which originated in Wuhan (Hubei, Chi-
na) in December 2019 has spread rapidly to 206 other
countries as of September 21, 2021. The availability of
real-time strong open data has led to more focus only on
aggregated case counts of COVID-19 per geographic lo-
cation through GIS [6]. The real challenge is obtaining the
most accurate data and performing spatiotemporal anal-
ysis at finer spatial scales and analyzing them in real time.

Methods

Objective
This retrospective study was carried out to identify hotspots
and their progression over a period on the intraurban scale.

Study Settings and Duration

The study period was from March 15, 2020, to June 12, 2020.
The study area, the Emirate of Dubali, is part of the United Arab
Emirates and has an area of 4,114 km?

Study Population

The research covered patients with confirmed COVID-19 ac-
cording to local national guidelines on visits to the emergency de-
partment of the Rashid Hospital, a tertiary specialized academic
hospital. The data were obtained through the hospital’s health in-
formation system. The outcome variable consisted of the location
of a patient during a visit to the hospital and was collected from the
Hasana Public Health Surveillance Network. The dataset was con-
verted into geospatial data by obtaining the latitude and longitude
coordinates of the addresses or the point of interest of patients
through the Google maps of Dubai.

Diagnostic Criteria of COVID-19

The diagnostic criteria were according to the definition of na-
tional guidelines for Clinical Management and Treatment of CO-
VID-19 of the period [7] and presented with the clinical scenario
as follows:

H/O close contact with positive cases — asymptomatic.

H/O close contact with positive cases — symptomatic.

Meeting case definition and stable.

Meeting case definition with moderate and severe symptoms.

Study Participant Selection

Inclusion Criteria

Patients with residential address or point of interest and resid-
ing only in Dubai were included.

Exclusion Criteria
Patients with unfilled addresses and those residing in emirates
other than Dubai were excluded from the study.

Data Collection and Visualization
The base map of Dubai with its communities which was classi-
fied as an administrative division was obtained as a shapefile from
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the GIS Department Dubai Municipality. The population of Dubai
according to its communities was obtained as an Excel file from
the Dubai Statistical Center. The GIS software ArcGIS Pro 2.5 de-
veloped by the Environmental Systems Research Institute, Red-
lands, USA, was used for data analysis. A file geodatabase was cre-
ated in ArcGIS, and the dataset that included the shapefile of Dubai
with its communities was added.

The initial visualization of data was done by comparing popula-
tion density with the number of patients visited among different
communities. In all communities, the feature layer population data
were merged according to communities. In the symbology of the
community layer, data-specific natural break classification was per-
formed and labeled into 5 classes of spatial distribution in popula-
tion density for easier illustration [8]. By using the geoprocessing
tool “Aggregate Points,” the total cases in the Dubai base map were
aggregated according to each community and classified according
to the number of counts. Then, both maps were visualized to deter-
mine the patients visited among different population densities.

Data Processing and Analysis

To compare our data for different periods, the 90-day study pe-
riod was split into 9 selection layers with 10 days each. By using the
geoprocessing tool “Select Layer By Date And Time” according to
the laboratory-confirmed COVID-19-positive date, the data were
split into 9 separate feature layers. Analyzing the pattern toolset is
the starting point before conducting an in-depth analysis in spatial
statistics. By using the geoprocessing tool “Average Nearest Neigh-
bor” separately for the 9 selection layers, the point pattern of CO-
VID-19 cases was analyzed to determine whether it was random,
dispersed, or clustered. It calculates the nearest neighbor index
based on the average distance from each feature to its neighboring
features. The nearest neighbor ratio R <1 suggests a process toward
clustering, and a value >1 indicates that it is dispersed [9]. The null
hypothesis of analyzing the pattern toolset is complete spatial ran-
domness. The z-scores and p values returned by the spatial analysis
tools tell whether you can reject the null hypothesis that the ob-
served spatial pattern is a consequence of a random process.

Spatial autocorrelation metrics were used to determine the spa-
tial association of variables. It is similar to that of nonspatial statis-
tical methods, except that it is done in the context of location [9].
The Getis-Ord Gi* is the spatial autocorrelation metric used to
identify statistically significant clusters with high values (hotspots)
and clusters of low values (cold spots) [10]. The “Mapping Clusters
toolset” was selected using the geoprocessing pane of ArcGIS Pro.
It consists of 2 tools for measuring hotspots: “Hotspot Analysis”
and “Optimized Hotspot Analysis.” In our study, we used the “Op-
timized Hotspot Analysis” because it uses the Getis-Ord Gi* in an
automated manner to ensure optimal results. It is also able to han-
dle points with no variables attached to it, which supports our data.
It is automatically adjusted for spatial dependence and performs
multiple testing using the false discovery rate correction method.
The optimized hotspot analysis was performed separately for all 9
feature layers. For the analysis, there must be a minimum of 30
patients as data points in each feature layer, and it was one of the
supporting points for splitting our data into 10 days each because
we had fewer patients in the initial stage. To minimize the impact
of a few communities that did not have adequate numbers to pro-
duce reliable results, including airports and water bodies, the 44
communities with populations <100 were excluded from the anal-
ysis [11]. The optimal distance band was fixed at 1,000 m after
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Table 1. Average nearest neighbor for all selection layers

Results One Two Three Four Five Six Seven Eight Nine
Nearest neighbor ratio 0.027 0.014 0.021 0.017 0.030 0.030 0.021 0.023 0.017
z-score -11.317 -25.636 —-24.766 —-27.554 -23388 -23.162 -22.774 -16.809 -18.604
p value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Nearest Neighbor Ratio: 0.027472 Significance Level Critical value
z-score: -11.317062 W (p-value) (z-score)
el 0.000000 001 M <-258
p-value: B. 005 M -258--196
010 O -196--1.65
- O -165- 165
010 0O 1.65- 1.96
005 O 1.96 - 2.58
001 B >-258
«— (Random) | ———
Significant Significant
Fig. 1. Average nearest neighbor of selec- .
tion layer 1. Given the z-score of Clustered Random Dispersed
—-11.317062, there is a less than 1% likeli-
hood that this clustered pattern could be
the result of random chance.

performing multiple analyses using smaller and larger geographic
distances [11]. In addition, there were government-imposed re-
strictions to work from home and closure of shopping malls and
postponing major events which had led to more confinement of
people in the home [12]. After performing hotspot analysis, a Gi_
Bin was created in the output feature class, indicating the presence
of statistically significant hotspots or cold spots with related con-
fidence levels. All selection layer hotspots were compared to ob-
serve the changes over a defined period.

Results

Distribution of COVID-19 Cases
During the study period, there were 1,254 cases with
the first COVID-19-positive date, which were successful-

Geospatial Analysis of COVID-19

ly geocoded. Communities with a low population density
had the highest percentage of patients reported to the
hospital for testing (34.2%), followed by communities
with moderate density (28.2%) and high density (22.4%).
There were only 3 communities with a very high popula-
tion density, which reported 9.2% of the patients, and the
lowest percentage of patients visited were from commu-
nities with a population of very low density (5.8%), which
comprised mostly the suburbs of Dubai.

Point Pattern Analysis

Average Nearest Neighbor

The ANN tool was used to compare the distribution of
cases in all selection layers with different periods over the
study area of Dubai to see which is more clustered than
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Fig. 2. Timeline of emergence of hotspots

according to selection layers.
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Fig. 3. Hotspots in north Dubai communities.

the other. The z-score of all selection layers was < —2.58,
and the p value was <0.0001, as shown in Table 1. The
nearest neighbor ratio and z-score of selection layer 4
showed that it was more clustered than the others. Selec-
tion layer 1, which includes the data of the first 10 days,
showed the least clustering compared to the other layers

(Fig. 1).

Optimized Hotspot Analysis

The hotspot analysis showed statistically significant
clusters across the timeline (shown in Fig. 2-5). There
were no cold spots found in our analysis.

Discussion
Tobler [13] invoked in his first law of geographics that

everything is related to everything else, but things that are
near are more related than those that are distant. In terms

Geospatial Analysis of COVID-19

of health, there is always a strong relationship between
place and infectious disease transmission [14]. In the cur-
rent study, we analyzed the data from COVID-19 patients
who presented to the emergency department using geospa-
tial data for rapid identification of hotspots. So far, similar
research has been conducted in infectious diseases using
different spatiotemporal techniques [5, 15, 16]. The popu-
lation of Dubai is around 3.355 million people spread
across 226 communities. The classification of population
density and associated aggregate case counts of each com-
munity is shown in Figure 6. The total number of CO-
VID-19 cases reported was mostly concentrated in 116
communities, which were mainly in the center of Dubai.
The patient visits varied across communities with different
population density, and the least patients visited were from
communities with very low population density which was
mostly on the outskirts of Dubai. A study on contact rate
scaling with population density among infectious diseases
showed an initial sublinear density-dependent pattern and
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Fig. 4. Hotspots in communities in south and central regions of Dubai.

transitioning to a frequency-dependent pattern indepen-
dent of population density [17]. In the present COVID-19
pandemic, there is conflicting evidence to the association
of population density and disease transmission [18-20].
Analysis of the spread pattern of the cases showed all selec-
tion layers where statistically significant clusters were
formed, which became more intense at the end of 40 days.
Given the z-score of < —2.58 and a p value of <0.0001 in all
selection layers, there is <1% likelihood for the observed
clustered pattern to be due to random chance. The null hy-
pothesis of complete spatial randomness is rejected. As the
study area is fixed for all selection layers and the size of the
study area is large, its influence on the analysis must be
kept in mind. However, the nearest neighbor analysis re-
mains to be the most useful approach for tracing the clus-
tering in disease outbreaks [9].

A novel contribution of our research is the spatiotem-
poral analysis of COVID-19 at the community level in ur-
ban areas, which becomes a critical aspect in understand-
ing the spatial distribution and cluster areas of infectious
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diseases [21]. Higgs and colleagues [22] proved that using
exact geographic coordinates as the spatial base instead of
census tract centroids of TB patients was able to identify
localized clusters of smaller sizes earlier in time which
adds value to our study, wherein we observed the emer-
gence of hotspots using the precise location of patients. In
May 2020, Rossman et al. [23] reported through popula-
tion survey and integrating data with Israeli MOH that a
higher prevalence of symptomatic patients in the same
neighborhood of confirmed COVID-19 patients demon-
strated the potential of detecting disease clusters at higher
geographical resolution. In our analysis, we were able to
observe the initial hotspots originating in closely connect-
ed communities (e.g., communities 119, 118, and 117)
with a mixed-density population in the north of Dubai.
The intensity of hotspots persisted and was confined to
these historic neighborhoods, suggesting that crowded
spaces play a more important role in the spread of CO-
VID-19 [24]. The confinement of hotspots in this region
may be the result of strict lockdown initiated in the dis-
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Fig. 5. Hotspots in communities with very low population density.

tricts to the north of Dubai, which started on March 31,
2020. The hotspot analysis showed that the hotspots are
mostly concentrated in densely populated communities
(e.g., communities 599, 365, 117, and 118). In the current
COVID-19 pandemic, recent research comparing basic
reproductive number (Ro) with population density sug-
gested that there are increased interactions between sus-
ceptible and infectious individuals in densely populated
communities [25]. The temporal trends of emerging clus-
ters in communities 364 and 358 by the end of 40 days and
50 days followed by being active for the next 40 days with
varying confidence levels can help us understand the spa-
tial patterns of emerging infectious diseases [26]. Desjar-
dins and colleagues [27] utilized prospective space-time
scan statistics using case data provided by John Hopkins
University in detecting active and emergent clusters of
COVID-19 at the county level in the USA. In our study,
we were able to observe nonsustaining hotspots in com-
munities 346, 345, 613, and 415, which are communities
with very low population density. A similar study by Mal-
vin et al. [28] demonstrated the identification of urban-
rural clusters of malaria hotspots and compared it with a

Geospatial Analysis of COVID-19

population density map using the Optimized Hotspot
Analysis through ArcGIS. To the best of our knowledge,
this is one of the few studies in which we were able to iden-
tify acute illness clusters of COVID-19 at the finer spatial
scale using data from health care delivery systems. Tech-
nological advancements have made map-based dash-
boards that move COVID-19 information faster, but the
real benefit will be through the collection of data at a fine
spatial resolution [29]. The challenges lie ahead in the in-
tegration of heterogeneous data and creating unified stor-
age systems that can lead to the rapid construction of GIS
during emergencies [30]. The creation of a technology-
driven spatial decision support system through the emer-
gency department can help us move faster than the disease
and toward early containment.

There were some limitations to this study. The data ob-
tained are from a single center, and this may not provide
a complete picture. It is also arguable whether the results
can be generalized for all COVID-19 cases in Dubai. How-
ever, it is also likely that our total number of patients was
representative of the total COVID-19 patients during the
same study period. Moreover, we selected patients from a

Dubai Med | 7
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single center because their data integrity was better. And,
there were few datasets with relative location geocodes
such as point of interest which could be avoided in the fu-
ture by having absolute geocodes with recommended ad-
dress submission format. Finally, our patient data points
did not include other variables such as the severity of ill-
ness, socioeconomic factors, and environmental factors
attached to it, which could better explain the spatial vari-
ability of disease incidence.

Conclusion

To our knowledge, this study was the first in Dubai
to provide information regarding the geospatial analy-
sis of COVID-19 cases. This method is simple and can
be easily reproduced to identify disease outbreaks using
big data. More refined absolute location data using ad-
vanced geo-addressing systems like Makani, a Dubai
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municipality application, can enrich the detection of
potential disease threats. Future work could focus on
creating a wider geodatabase by classifying disease se-
verity and identifying hotspots with more intense trans-
mission intensity.
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