
Abstract
With 25% confirmed cases of the country’s total number of

coronavirus disease 2019 (COVID-19) on 31 January 2021,
Jakarta has the highest confirmed cases of in Indonesia. The city
holds a significant role as the centre of government and national
economic activity for which pandemic have had a huge impact.
Spatiotemporal analysis was employed to identify the current con-
dition of disease transmission and to provide comprehensive
information on the COVID-19 outbreak in Jakarta. We applied
space-time analysis to visualise the pattern of COVID-19 hotspots
in each time series. We also mapped area capacity of the referral
hospitals covering the entire area of Jakarta to understand the hos-
pital service range. This research was conducted in 4 stages: i) dis-
ease mapping; ii) spatial autocorrelation analysis; iii) space-time
pattern analysis; and iv) areal capacity mapping. The analysis
resulted in 144 sub-districts categorised as high vulnerability.
Autocorrelation studies by Moran’s I identified cluster patterns
and the emerging hotspot results indicated successful interven-
tions as the number of hotspots fell in the first period of social

restrictions. The results presented should be beneficial for policy
makers.

Introduction
Coronavirus disease 2019 (COVID-19) is a new type of virus,

discovered after its first outbreak of disease in Wuhan, China, at
the end of December 2019 as reported by the Chinese Centers for
Disease Control (2020). Activities in Hunan seafood and animal
market were suspected as the source of the outbreak after that the
local health facilities reported cases of patients with signs of pneu-
monia (Li et al., 2020; Zhu et al., 2020). COVID-19 is an acute
human respiratory syndrome caused by a novel coronavirus-2
infection (Huang et al., 2020). Compared to the severe acute res-
piratory syndrome (SARS) and Middle East respiratory syndrome
(MERS), this disease is transmitted more rapidly (Boulos &
Geraghty, 2020). In early March 2020, the World Health
Organization (WHO) declared COVID-19 a global pandemic dis-
ease (Okba et al., 2020; WHO, 2020) with death rate estimated
between 1% to 5% (Roser et al., 2020). This disease now affects
the global population. The first two Indonesian cases were report-
ed on 2 March 2020 (Djalante et al., 2020) and has continued to
increase (Figure 1). This case was considered as the starting point
of COVID-19 transmission for Indonesia that reported 581,550
cases on 7 December 2020, at that time making the country the
20th highest infected country in the world (Woldometer, 2020).
Indonesia reported 1,007 deaths from COVID-19 on 12 May
2020, which was the 5th highest case fatality rate (CFR) in Asia
(Woldometer, 2020). Experts assume that 7% of CFR in
Indonesia, considered to be one of the highest CFR in the world,
was due to low test rates meaning that many cases were likely not
to have been detected (Barker and Souisa, 2020). As more cases
became found, the CFR subsequently fell (Bergquist et al., 2020).

Until 31 January 2021, 269,718 cases of the total 1,078,314
confirmed cases of COVID-19 in Indonesia, including 4,267
deaths, were located in Jakarta reported by the Indonesian Board
for Disaster Management (Badan Nasional Penanggulangan
Bencana) (BNPB, 2020). With 267 million people, Indonesia is
the 4th most populated country in the world and Jakarta, the capital
city, in particular as it covers a large, urbanised area. In case of an
infectious disease outbreak, the urban setting’s complexity would
catalyse transmission (Flies et al., 2019), and Jakarta plays a sig-
nificant role as the centre of government and national economic
activity, for which a pandemic would thus create a severe impact.
With 25% confirmed COVID-19 cases of the country’s total up to
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early 2021 in Jakarta (Halim, 2021), the disease has already had a
profound impact on this strategic city. Hence, it is crucial to apply
spatial analysis and modelling in an effort to understand how to
contain and mitigate transmission.

Disease mapping and modelling have been widely implement-
ed (Lawson, 2013; Liu et al., 2017; Pou et al., 2017; Hashtarkhani
et al., 2021). This kind of statistical approach could be useful for
developing an approach to minimise transmission leading to a
lower number of cases as has been shown for other infectious dis-
eases by Lee and Lawson (2014). Researchers have also proved
that geographic information systems (GIS) increase understanding,
visualising, and predicting disease outbreaks (Koch, 2005).
Infectious diseases are usually transmitted in a pattern influenced
by topographic and isotropic factors facilitating disease transmis-
sion from one place to another (Bourdin et al., 2020), and spa-
tiotemporal information of COVID-19 cases is considered crucial
for determining and applying treatment (Desjardins et al., 2020).
Rapid test site selection, resource allocation and intervention must
be decided early, while spatiotemporal analysis is useful for the
identification of the characteristics of the changing trends of dis-
ease outbreaks (Abdrakhmanov et al., 2017; Mo et al., 2020;
MohammadEbrahimi et al., 2021). In addition, the capacity of
referral hospitals plays a major role in handling disease outbreaks
(Alkuzweny et al., 2020). Information related to resources and spa-
tial distribution of health facilities is very important in responding
(Kazory et al., 2020), and knowledge regarding the spatial distri-
bution and reach of health facilities is important for optimizing
existing health services (Wang, 2011). Importantly, the ability to
understand the risk spatially is considered necessary in the
COVID-19 outbreak mitigation process.

Considering the need for immediate mitigation of COVID-19
transmission in Jakarta, the epicentre in Indonesia, research on this
issue is crucial. We decided to analyse COVID-19’s spatiotempo-
ral transmission patterns and investigate the current condition of
the disease transmission to better understand the COVID-19 out-
break and thus be able to provide vital information for developing
a control strategy. 

Materials and methods

Site of research
The objective was focused on 4 out of 5 cities of the Special

Capital Region of Jakarta. The Archipelagic Regency (Kepulauan
Seribu) was not included, as it is an isolated area with a low risk
for COVID-19 exposure. From the available data, we evaluated
disease transmission considering the measures taken by the gov-
ernment to control its outbreak. This research was conducted in
four stages: i) disease mapping; ii) spatial autocorrelation analysis;
iii) space-time pattern analysis; and iv) area capacity mapping.

Data 
Patient-related information such as the daily number of con-

firmed cases of COVID-19, the spatial distribution of positive
cases and the time frame of important events that occurred in the
first year of the pandemic were the variables considered. An annual
series (1 March 2020 to 28 February 2021) of data was used to
study the COVID-19 situation. The data required for this analysis
were obtained from the COVID-19 official website by the local
Government of Jakarta Special Capital Region
(https://corona.jakarta.go.id). The population density was classi-
fied based on the national standard (SNI 03-1733-2004) for urban
housing planning. For this analysis, we used population data of
2018 and the population density of 2019 provided by the govern-
ment’s open data platform (https://data.jakarta.go.id).

Disease mapping
Spatial approach is one of many ways to understand phenom-

ena and represent them in an integrated geographic information
system. Spatial analysis is often implemented to understand how
an infectious disease spreads (Kiani et al., 2021; Robertson and
Nelson, 2014; Vaneckova et al., 2010; Weimann et al., 2016). This
stage aimed to understand the initial outbreak situation and identi-
fy vulnerable areas with regard to COVID-19 transmission, i.e.
answering the questions of when, where, and how the disease
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Figure 1. Daily new cases COVID-19 in Indonesia 1 March 2020 - 28 February 2021.
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entered the city. The daily number of confirmed cases and their
spatiotemporal distribution were grouped based on sub-district
administration units.

Vulnerability is a condition of how far a disaster will affect
people (Dwyer et al., 2004; Kumpulainen, 2006), and mapping of
COVID-19 vulnerability to was conducted to identify the high-risk
areas. Since aggregation of people support transmission, while
elderly people (older than 50 years of age) and children (younger
than 15 years of age) are at higher risk of being infected (Chen et
al., 2020), we took into account age and density as the two vari-
ables for vulnerability area mapping. An area was considered as
high risk if it had a high presence of both elderly people and chil-
dren together with a high total population density. The vulnerabil-
ity index was formulated using a simple method assigning a score
for every variable considered. Variable age and population density
were considered to have the same influence, so no weighted value
was added. The index value was thus the total of the score values
from the different parameters and categorised as low, moderate or
high based on technical specification on vulnerability mapping for
non-natural disasters developed by the Indonesian Board for
Disaster Management (Badan Nasional Penanggulangan Bencana)
BNPB, 2012. 

Spatial autocorrelation 
As it is essential to obtain information on COVID-19 transmis-

sion pattern in the different areas and find out whether or not rela-
tionships exist, spatial dependence and autocorrelation were
employed to study COVID-19 transmission and concentration. A
spatial autoregressive model (Bourdin et al., 2020) was applied to
identify the factors influencing any observed event regarding con-
centration and transmission (autocorrelation and collocation
effect) as well as any correlation between observations. Moran’s I
is a widely used method for measuring global spatial autocorrela-
tion (Moran, 1950; Cui et al., 2019). Moran’s I is also used to iden-
tify local autocorrelation or spatial correlation in every area by
applying the Local Indicator of Spatial Autocorrelation (LISA)
(Anselin, 1995). This study analysed the COVID-19 outbreak in
Jakarta spatiotemporally using time series analysis and spatial
autocorrelation. We used GeoDa software developed by Anselin et
al. (2006) for autocorrelation analysis with the smallest adminis-
tration (sub-district) unit as the analysis unit. The index was calcu-
lated by the following equation:

(1)

where I is the global Moran’s index; n the total number of spatial
units; x an attribute of interest from a spatial unit; x ̅ the mean of x;
and  ωij the weight matrix. The higher the value of local Moran’s I,
the higher the chance that the spreading follows a specific pattern.
The neighbouring relation between locations was represented by

weight matrix (W) where every element in the matrix (ωij) shows
the relation of location i to location j. Areas near the centre of the
observed area were assigned higher weight values than areas far-
ther from the centre of the area observed. LISA was created using
a uniform function in the kernel adaptive method of distance
weight with a neighbouring value of 8. Neighbouring relationship
8 was selected based on trial and error (experiment result) where
this value produced more realistic clusters and higher significance
values. To determine the statistical significance of Moran’s I, a 999
permutation value was assigned. Random results lead to the
assumption that the location of the variable value and spatial set-
ting would not be significant.

Four types of spatial associations result from spatial autocorre-
lation using Local Moran’s I exist (Anselin et al., 2006): i) High-
High (HH): a high spatial concentration of cases and a high inde-
pendent value of the neighbourhood area; ii) Low-Low (LL): a low
spatial concentration of cases and a low independent value of the
neighbourhood area; iii) High-Low (HL): a high spatial concentra-
tion of cases and a low independent value of the neighbourhood
area; iv) Low-High (LH): a low spatial concentration of cases and
a high independent value of neighbourhood area.

HH and LL spatial clusters show close areas with similar val-
ues, while HL and LH represent clusters with different values (spa-
tial outliers). Moran’s I indicates the spatial autocorrelation in rela-
tion to neighbouring areas. Moran’s I>0 indicates a positive corre-
lation, while a negative value points to the opposite. Values of zero
or very close to zero specify random permutation. 

Space-time pattern analysis
In order to evaluate the effectiveness of social restriction poli-

cies implemented in Jakarta, we employed space-time pattern anal-
ysis to identify unique patterns in datasets, including identified
transmission clusters (Shekhar et al., 2015). The spatiotemporal
hotspot trend was stored in Network Common Data Form
(NetCDF) (https://www.unidata.ucar.edu/software/netcdf/), which
creates a ‘space-time cube’ where the data are formatted into bin
groups, where each bin signifies a specific time steps that together
builds vertical, temporal columns for each spatial area. This
approach allows the visualization and analysis of integrated spa-
tiotemporal datasets, and we used it to define hotspots and
coldspots with regard to the COVID-19 cases from both the spatial
and temporal point of view, which facilitated determining the
strategic measure to be implemented. 

We used the daily number of confirmed cases in every sub-dis-
trict in Jakarta from 25 March 2020 to 4 October 2020 for this
analysis. Jakarta implemented two restriction policies, the first one
on 13 April and the second on 17 September 2020, so we divided
the analysis into two phases. Phase 1 signified the first social
restriction and phase 2 the second. Both phases were divided into
two parts (part 1 and part 2) to compare the time before and after
implementation of the social restriction periods (Table 1). Space-
time cube analysis needs overlapping data to provide a compari-
son; hence the whole period was included in part 2 of the analysis. 

The time step interval per day was applied using the data for
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Table 1. Space-time periods used for the analysis.

Phase (in space-time analysis)                                    Part 1                                                                           Part 2

Phase 1 (1st Social Restriction)                                          25 March - 12 April 2020                                                                 25 March - 30 April 2020
Phase 2 (2nd Social Restriction)                                         25 March - 16 Sept 2020                                                                    25 March - 4 Oct 2020
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the confirmed cases. Spatiotemporal pattern analysis was estimat-
ed using the hotspot analysis tool in ArcGIS Pro software (ESRI,
Redlands, CA, USA). We also used Getis Gi* formula (Wang &
Lam, 2020) for the emerging hotspot analysis and conceptualiza-
tion of spatial relationship to carry out a hotspot pattern analysis
with fixed distance.

Area capacity mapping
Information on availability on the number of beds for COVID-

19 patients in the referral hospital is crucial to ensure that every
confirmed patient receive the necessary care needed, especially in
emergency situations. In the one-year study period of the pandem-
ic, the government issued regulations regarding referral hospital
appointment for COVID-19 mitigation. In early March, the central
government appointed 8 hospitals as COVID-19 referral hospitals
in Jakarta through Decree of the Minister of Health
(HK.01.07/MENKES/169/2020). However, as the number of con-
firmed cases continued rising, the Governor of Jakarta appointed
more hospitals through 3 regulations (No. 378 in 2020, No. 987 in
2020, and No. 14 in 2021). 

A hospital’s optimal service range can be determined using
network analysis (Cho, 1998). The data required for the capacity
map analysis for Jakarta consisted of hospital distribution data
obtained from the government’s open data platform
(https://data.jakarta.go.id). The service area analysis included the
calculation of a coverage area based on the time needed to reach a
referral hospital, using available transportation networks. The cov-
erage area was calculated using distance and time (Shahid et al.,
2009; Mahmoud et al., 2013). We used the time aspect as input for
the modelling. Based on Ristiantri et al. (2021), the optimum time
to reach a referral hospital for COVID-19 patients should not be
more than 15 minutes. Therefore, this time was used for estimating
the network analysis service area. We calculated the travel time
dividing the distance by the estimated speed for every road class,
i.e. 60 km/h for highways 20 km/h for arterial, collector, local and
other road classes. Footpaths and pedestrian crossings were
defined as barriers. These values were determined based on

Jakarta’s traffic condition that is prone to traffic jams (Silalahi et
al., 2020). The map resulting from this stage provided information
that the government could use to understand the area’s capability
and to better contain the COVID-19 outbreak and to develop con-
tingency plans.

Results

Disease mapping
As of February 28, the cumulative number of confirmed

COVID-19 cases in Jakarta was 339,735 and 5,478 deaths. The
time series of the daily case load showed a significant peak in early
September 2020 and again in January 2021. The maximum number
of cases was reported on 7 February 2021 with 4,213 cases. The
area with the highest number of confirmed cases was Kapuk Sub-
district (n=2,498), while Roa Malaka Sub-district (n=96) had the
lowest confirmed cases during the entire study period. Overall, the
regional distribution of confirmed cases varied significantly. More
recently, after Eid Holiday, which runs between 21 and 25 May
2020, and the relaxation of the first social restriction in early June
2020, the daily number of cases started to rise. This condition
worsened after the long weekend in August 2020 when about 1,000
new cases per day were reported. Although there was an extreme
decrease of reported cases in February 2021, after the implementa-
tion of vaccination programme, there was no indication of a flat-
tening curve of daily new cases in Jakarta as shown in Figure 2.
Eventually, the worsening situation made the government respond
and implement a second social restriction. Figure 2 shows that the
trend of cases reported flattened. Both after the first social restric-
tion on 10 April 2020 and after the second on 14 September 2020.

Figure 3 is an illustration of reported daily case situation in
Jakarta at some important dates based on GIS results. In the initial
phase, COVID-19 spread only in some locations with the reported
number of daily cases under 10 per sub-district. The location of
reported confirmed cases was initially concentrated in the Jakarta
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Figure 2. COVID-19 daily cases in Jakarta and important dates in the period 20 March 2020 to 21 March 2021.
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Barat area, while it had reached every sub-district in Jakarta by 23
July 2020. From December 2020 to January 2021, the number of
reported cases increased rapidly, with more than 50 cases reported
in every sub-district. This was seen as the effect of the Christmas
and New Year holidays. Starting on 2 March 2020, at least 928
people were infected every day until 28 February 2021. Figure 4
presents the vulnerability degree of the area with respect to the
COVID-19 infection exposure. The vulnerability analysis result
showed 144 sub-districts categorised as highly vulnerable. Higher
vulnerability areas were located in the western, the centre, and the
southern part of Jakarta.

Spatial autocorrelation 
A long-term cluster pattern was identified based on Moran’s I

autocorrelation (Figure 5). We also found a characteristic similari-

ty between neighbourhood locations shown by the positive auto-
correlation results. GeoDa enabled us to visualise the significance
detected by Local Moran’s I statistic and LISA. The LISA cluster
map (Figure 6) shows the distribution of COVID-19 hotspots and
coldspots. A spatial autocorrelation cluster was visualised based on
some important dates as shown in the figure.

Moran’s I increased due to the increasing number of infected
cases in every sub-district that contributed to the development of
the cluster pattern. Before social restrictions were implemented,
large hotspots were detected in the western and eastern parts of
Jakarta on 8 April (Figure 6). The western part of Jakarta is a major
city hub with the Soekarno-Hatta International Airport. As the cap-
ital city and business centre, Jakarta was first hit by COVID-19
and then became the source of transmission in Indonesia. The com-
plexity of the metropolitan city environment with a high popula-
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Figure 3. The number of daily COVID-19 cases in Jakarta from 8 April 2020 to 17 February 2021.
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tion density, mixed land use and strong public transportation
encouraged social engagement. Furthermore, the national hub sta-
tus made Jakarta the leading destination for tourists and business
travellers, a condition inevitably supporting the transmission of
any communicable disease. To diminish the COVID-19 transmis-
sion risk, Indonesia implemented large-scale social distancing
from 10 April 2020. The results were swift, with many hotspots
having already decreased by 26 April (Figure 6). However, some
of them remained in the central part of the city, where many areas
were dominated by coldspots and outlier patterns. 

Space-time pattern analysis
The spatiotemporal hotspot trend of phase 1 part 1 (before the

implementation of restriction policies) included 19 days or time
steps (25 March to 12 April 2020) for each spatial unit resulting in
a total number of 4,959 space-time bins. The second part of phase
representing the time after the social restrictions consisted of 37
time steps (25 March to 30 April 2020) resulting in a total of 9,675
space-time bins. The corresponding data for phase 2 were 176 time
steps (25 March to 16 September 2020) resulting in a total of
45,936 space-time bins for the first part and 194 time steps (25
March to 4 October 2020) resulting in 50,643 bins for the latter. As

seen in Figure 7, the dynamic changes moved from low numbers
of COVID-19 cases in the southern parts and the centre of Jakarta,
with the centre later being overwhelmed by emerging hotspots. 

Figure 8 shows how the hotspots changed between phase 1
(8a) and phase 2 (8b). Before the first social restriction, new
hotspot patterns spread all over Jakarta, while the first social
restriction changed the patterns in the area. The number of new
hotspots fell from 20 to 6. Some hotspots oscillated and their num-
ber increased strongly during the first social restriction (from 36 to
157). Furthermore, the number of areas with consecutive hotspots
(areas not statistically significant until the last hotspot run)
decreased from 66 to 36 and the coldspots diminished from 19 to
1. Three areas with intensifying hotspots and two historical
coldspots were found in the period before the first social restriction
was implemented. In this period, we found 115 areas with no pat-
tern detected that eventually fell to 61 areas. Three new hotspots
were identified before the second social restriction period was
implemented but we found no new hotspots afterwards. The pat-
tern was dominated by oscillating hotspots. We found 255 hotspots
before the second social restriction was implemented, which
increased to 258 afterwards. We also found an increasing number
of consecutive hotspots that changed from 1 to 3. 
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Figure 4. COVID-19 vulnerability in Jakarta.
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Figure 5. Timeline showing the temporal extension of the cluster detected by global Moran’s I.

Figure 6. LISA cluster map in Jakarta. Red colour signifies High-High areas and blue colour Low-Low areas, while outlier clusters rep-
resenting High-Low and Low-High areas are shown in lighter shades.
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Area capacity
Figure 9 shows the distribution and coverage area of the refer-

ral hospital based on 4 referral hospital assignment regulations
implemented in Jakarta and represented as time series data. As
seen in the figure, some locations were not covered by referral hos-
pital service when the first and second regulations were imple-
mented on 10 March 2020 and 8 April 2020 respectively. However,
by the current regulation implemented on 6 January 2021, the
number of referral hospitals were able to cover most area of
Jakarta. 

The result of this stage was used to determine the coverage of
services available (represented in Table 2), especially for emergen-
cy conditions. In the early stage, the referral hospitals were able to
cover the area of 208 sub-districts with only 75% of the total pop-
ulation of those districts served. Due to the increasing number of
infected cases, the government responded immediately by increas-
ing the number of referral hospitals to 101 hospitals. This resulted
in 259 sub-district areas with 99% of the population covered. The
service area and population covered by the referral hospital remain
the same even after the third and fourth regulations were imple-
mented since these regulations only added three new referral hos-
pitals at locations near other referral hospitals.

Figure 10 shows the referral hospital density based on the lat-

est regulation on referral hospitals in Jakarta. The distribution of
referral hospitals is concentrated in Jakarta Pusat City in the cen-
tral part of Jakarta Province. As can be seen in Figure 10, there are
at least two referral hospitals for every 3 km2 in the high-density
population areas, while, in contrast, there is only one referral hos-
pital for every 4 km2 in the low-density areas. However, referral
hospitals in other areas were not available at all in areas, such as
south and eastern Jakarta Timur, eastern Jakarta Utara and southern
Jakarta Barat. Figure 10 also shows that the population is concen-
trated in the centre of the area. The most populated sub-district is
Kalianyar (950 people/ha) within a total area of 32 ha. Areas with
high population density were considered to have a higher risk of
COVID-19 rapid transmission. Highly populated areas are also
concentrated in the centre of the province, where the condition of
referral hospital density is appropriate. High-density areas shaded
in red and low density areas in green. Yellow signifies intermediate
density referral hospitals. 

The result is presented on the maps (Figures 2 to 10). Our
results show that on 17 April 2020, i.e. within 49 days, COVID-19
had spread to 93.5% of Jakarta’s sub-districts. This condition made
the city the epicentre of the outbreak with a significant level of
transmission. Holidays lead to an increasing number of daily
COVID-19 cases. Based on the map of daily cases (Figure 3), high
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Figure 7. Three-dimensional visualization of the hotspot/coldspot dynamics in Jakarta by the space-time cube approach.

Table 2. Regulations related to the appointment of a referral hospital.

Response by the local government        Referral hospitals            Districts covered             People served                Population covered
                                                                             (no.)                                 (no.)                             (no.)                                   (%)

First regulation                                                                            8                                                   208                                       7,460,382                                               75
Second regulation                                                                      13                                                  226                                       8,319,181                                               83
Third regulation                                                                          98                                                  259                                       9,874,042                                               99
Fourth regulation                                                                      101                                                 259                                       9,874,042                                               99
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Figure 8. Emerging hotspots from the first social restriction (A) and the second social restriction (B).
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numbers of infected cases were reported from low-vulnerability
areas from April to October 2020. However, from November 2020
to February 2021, this condition changed to high number of infect-
ed cases dominating the high-vulnerability areas. 

Discussion
Hospital accessibility plays an important role in measuring the

ability of health facilities to respond the spread of COVID-19

                   Article

Figure 9. Time series distribution and referral hospital coverage areas.

Figure 10. Referral hospital density in Jakarta.
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(Kironji et al., 2018). Moreover, Hospital distribution is crucial
because it involves the convenience of patients to get medical help
(Wan et al., 2012). The government increased the number of referral
hospitals to reduce the death rate in Jakarta. Jakarta Timur city is the
area with the most referral hospitals. The increase of confirmed
cases was proportional with the increase of bed occupancy, isolation
room, and Intensive Care Units (ICUs) in the referral hospitals.
Spatially, the final number of referral hospitals appointed by the gov-
ernment was capable of covering all areas in Jakarta. Overall, how-
ever, the availability of hospitals in Jakarta remained limited. The
results of the density analysis of referral hospitals show that for high-
density areas there are only two referral hospitals every 3 km2. 

Accessibility describes the ability of a referral hospital to pro-
vide service for patients (Levesque et al., 2013; Thomas &
Penchansky, 1984). Based on health facilities data provided by the
government, there are 153 hospitals consisting of general hospitals,
hospitals for specific diseases and hospitals for mothers and chil-
dren. Those hospitals are well managed by the central government,
local authorities and other stakeholders. Hence, the available hospi-
tal can support the referral hospitals for treating COVID-19 patients
and assist the area not covered by referral hospital services. Hence,
the government needs to consider the distribution of the current
referral hospital when appointing further referral hospitals. 

In this study, spatial autocorrelation was conducted to investi-
gate whether COVID-19 transmission follows a particular pattern.
Figure 5 visualizes the clustered pattern, and there was a character-
istic similarity between areas located closely together. Based on
spatial autocorrelation analysis, there is strong clustering during
the study period. In addition, we also found that the first social
restriction resulted in a lower Moran’s I. However, it started to rise
again after the holidays and the relaxation of social restriction in
May and June 2020. The analysis emerging hotspots supported the
view that social restriction had succeeded in reducing the number
of oscillating hot spots and consecutive hotspots. In addition, the
intensifying hotspot area was only found before the first social
restriction was implemented. After the implementation of the first
social restriction, the intensifying hotspot area disappeared. The
decrease in the number of consecutive hotspot areas indicates that
the area with high confirmed cases was decreasing. Prior to the
first social restrictions, consecutive hotspots were concentrated in
most areas of Jakarta Selatan and Jakarta Timur. Both areas are
densely populated. In addition, these two areas are those with the
highest vulnerability (Figure 4). Social restriction turned out to be
very effective in suppressing the spread of COVID-19 in Jakarta.
However, the results of the space-time pattern in the second social
restriction show that all areas in Jakarta had been infected with
COVID-19, as evidenced by the dominance of the oscillating
hotspot areas. This means that the first social restriction succeeded
in slowing the trend of positive cases, but without being able to
stop the transmission completely. Although the number of daily
cases decreased in some parts of Jakarta, the overall number of
infected areas kept rising. This dynamism can be particularly well
seen in Figure 7, where the height of the columns represents time,
which indicates how the COVID-19 cases first appeared in the
southern parts of the city and then disappeared from there (only the
column bases shaded in blue) to instead reaching peaks in the cen-
tre, with the upper halves of many columns in red. Thus, rapid
response is needed to control the transmission.

The cluster map shows the high concentration of COVID-19
cases, which can be used for rapid test site selection. Hotspot areas

with a high number of confirmed cases should be considered when
deciding the rapid test location. Hotspot areas significantly show
where the transmission level is the highest, while the coldspots
show areas of lower transmission levels that are surrounded by
neighbourhood areas with a lower number of confirmed cases.
These hotspots and coldspots are priority areas where quarantine is
contemplated to prevent further transmission of COVID-19. The
result of transmission and concentration of COVID-19 was used as
input information for determining the rapid test priority location,
and if this done properly the transmission of COVID-19 slows and
improves resource management effectiveness.

The coldspots pattern consistently identified in centre of
Jakarta from the end of October 2020 to mid-February 2021 indi-
cates the number of daily cases reported from those areas, where
the vulnerability had been high but later became relatively lower.
This means that a lower number of infected cases were reported
from highly vulnerable areas. In contrast, the hotspot pattern was
consistently identified in the southern part of Jakarta from mid-
January 2021 to mid-February 2021. It means that a higher number
of infected cases were reported from less vulnerable areas.
Furthermore, there were effects of Christmas and New Year holi-
days on the rising number of daily cases resulting in the increased
number and enlargement of hot spot area. The hotspot distribution
was concentrated in the southern part of Jakarta.

This research provides an example of spatiotemporal analysis
application in understanding a pandemic transmission pattern. This
model can be adopted for other urban area as a decision-making
tool for local government in developing the COVID-19 mitigation
policy as follows. First, spatial autocorrelation allowed us to
understand the concentration of confirmed cases spatially at differ-
ent time periods. It should be useful for referral hospital decision
making. Second, the cluster map can be used for rapid test site
selection and priority areas where quarantine is required to prevent
further transmission of COVID-19. Third, area capacity and distri-
bution of COVID-19 cases spatially are essential for the govern-
ment to develop a strategic plan on containing and mitigating the
outbreak. Finally, visualizing COVID-19 case distribution with
time-series data spatially should assist the government and stake-
holders to better understand virus transmission patterns so that
they can develop and implement significant action plans for con-
taining the outbreak. Despite the important findings and its benefi-
cial for pandemic decision making, we admit that simultaneous
and comprehensive analysis of the time-space information was
challenging. Therefore, this research is limited to spatial autocor-
relation and presentation of a spatiotemporal analysis. Spatial cor-
relation depends on what and how the influencing factors are used
and analysed. In addition, limited data is a constraint to this
research. In disease mapping process especially, more variables
should be involved to create vulnerability maps.

Conclusions
It is important to identify key factors and relate them to patterns

of confirmed cases. Implementation of spatiotemporal analysis is
necessary for the understanding of all aspects of COVID-19. The
government can use spatial analysis to allocate hospital resources for
controlling COVID-19 outbreak in Indonesia. The results of this
paper should be beneficial for policymakers since it provides evi-
dence supporting the spatial part of the restriction policy. 
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