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Abstract: In this research, we analyzed COVID-19 distribution patterns based on hotspots and
space–time cubes (STC) in East Java, Indonesia. The data were collected based on the East Java
COVID-19 Radar report results from a four-month period, namely March, April, May, and June 2020.
Hour, day, and date information were used as the basis of the analysis. We used two spatial analysis
models: the emerging hotspot analysis and STC. Both techniques allow us to identify the hotspot
cluster temporally. Three-dimensional visualizations can be used to determine the direction of spread
of COVID-19 hotspots. The results showed that the spread of COVID-19 throughout East Java was
centered in Surabaya, then mostly spread towards suburban areas and other cities. An emerging
hotspot analysis was carried out to identify the patterns of COVID-19 hotspots in each bin. Both cities
featured oscillating patterns and sporadic hotspots that accumulated over four months. This pattern
indicates that newly infected patients always follow the recovery of previous COVID-19 patients and
that the increase in the number of positive patients is higher when compared to patients who recover.
The monthly hotspot analysis results yielded detailed COVID-19 spatiotemporal information and
facilitated more in-depth analysis of events and policies in each location/time bin. The COVID-19
hotspot pattern in East Java, visually speaking, has an amoeba-like pattern. Many positive cases tend
to be close to the city, in places with high road density, near trade and business facilities, financial
storage, transportation, entertainment, and food venues. Determining the spatial and temporal
resolution for the STC model is crucial because it affects the level of detail for the information of
endemic disease distribution and is important for the emerging hotspot analysis results. We believe
that similar research is still rare in Indonesia, although it has been done elsewhere, in different
contexts and focuses.

Keywords: COVID-19; emerging hotspot analysis; space–time cube; hotspot pattern; proximity
factors; East Java; Indonesia

1. Introduction

COVID-19 first appeared in Wuhan City, Hubei Province, China, in December 2019 [1,2].
The disease is caused by Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-
2) [2]. More than 140 countries have confirmed cases and as a result, the disease has been
categorized as a pandemic. As of 30 June 2020, the global total of confirmed cases reached
10,245,317, with 502,123 deaths [3]. COVID-19 cases began to be confirmed in Indonesia on
2 March 2020. As of 30 June 2020, there were 56,385 confirmed cases in Indonesia, with 2876
deaths. East Java was the most affected province, with a significant number of confirmed
cases. As of 30 June 2020, the number of confirmed cases in East Java reached 11,932, with
893 deaths, and as a result, East Java has the largest total confirmed cases in Indonesia as of
30 June 2020 [4]. Based on this information, East Java is the ideal case study.
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Research in China shows that the symptoms caused by COVID-19 vary from mild
to severe symptoms. Examples of mild COVID-19 patients’ symptoms resemble the flu,
namely cough and fever [5]. Severe symptoms are pneumonia, shortness of breath, Multi-
organ Failure (MOF), even death [6]. These symptoms also appear in COVID-19 positive
patients in Indonesia. The data collected regarding total COVID-19 cases in Indonesia
shows that positive patients experience cough symptoms (70.3%), fever (46.6%), and
shortness of breath (34%) [4]. Most cases of death from COVID-19 occur in patients with
congenital diseases such as heart disease, diabetes, hypertension, and cancer, especially in
those aged >60 years [7]. In Indonesia, there have been cases of death due to COVID-19 that
are also caused by hypertension (5.76%), diabetes (5.07%), and heart disease (3.36%) [8].

The SARS-CoV-2 virus is spread through close contact and respiratory droplets [9].
Transmission can often occur in person-to-person environments, such as household and
workplace activities [10]. This virus’ transmission process is also quite fast, as can be
seen from the confirmed cases in Indonesia, which reached more than 1500 cases in the
first 30 days [11]. The spread of the virus must be controlled immediately to limit the
number of casualties. One way to inhibit the spread is to implement a physical distancing
policy [12,13]. Each region has different characteristics, particularly meteorological and
sociocultural characteristics, so the number of cases in each region varies. Liu et al. [14]
report that meteorological characteristics such as environmental temperature, diurnal tem-
perature, and absolute humidity play an independent role in COVID-19 transmission. Low
temperatures, mild-diurnal temperatures, and low humidity tend to support transmission.
These conditions improve the stability of coronavirus and support its transmission.

In contrast, other findings show that climate plays less of a role in virus transmission.
Caspi et al. [15] report that warmer climates are negatively correlated with COVID-19
transmission rates but are more influenced by local transmission patterns. In essence, virus
transmission is more dependent on time spent indoors vs. outdoors. Bhagat et al. [16]
report that being indoors may increase the risk of contracting COVID-19 compared to
being outdoors due to longer exposure times and decreased turbulence. Asyary and
Veruswati [17] also reported that sun exposure is significantly correlated with the recovery
of patients affected by COVID-19. Lack of UV-B rays exposure can lead to vitamin D
deficiency in the body, potentially increasing the likelihood of infection by COVID-19 [18],
which is also exacerbated by staying indoors.

Transmission of the SARS-CoV-2 virus can also be caused by sociocultural factors
such as the absence of a sewer system in a particular area, worship places remaining
open, crowds of people at entertainment venues at night, etc. Such differences certainly
require different policies that consider the intensity of the increase in cases, e.g., physical
distancing policies. Areas that experience a rise in cases apply stricter physical distancing
policies compared to areas that experience an increase in cases. Spatiotemporal COVID-19
monitoring is one way to determine how COVID-19 cases are progressing in real-time
based on the event’s place and time. Geospatial technology has grown rapidly and is
utilized on local and global scales and has many applications. This technology’s reliability
is undoubtedly the basis for its use in decision making, including in the case of COVID-19.

Geospatial technologies include Geographical Information System (GIS), Global Po-
sitioning System (GPS), and satellite-based Remote Sensing (RS) [19]. Geographical In-
formation Systems have played an important role in many aspects of monitoring and
tracking COVID-19 cases. GIS can dynamically monitor and track disease transmission
using spatially placed technology as an effective visual communication tool [20,21]. One
GIS use during the pandemic was creating map dashboards; however, detailed monitoring
with GIS can be done using spatial analysis hotspots [22,23]. Hotspots are described as
fixed entities or groups, e.g., geographical events or phenomena [24]. Hotspots are also
only 2D and provide spatial information.

Newer approaches can provide 3D spatial information using immersive Virtual Reality
(VR) with a spatial scale of 1:1 [25–27]. VR technology is also considered user-friendly
because it can represent 3D spatial information more accurately than 2D [26]. In addition,
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head-mounted display-based VR with a wide field of view (FOV) can produce more
immersive natural spatial perception [27]; however, VR technology is considered less
suitable and not very useful in the representation of the thematic maps of endemic hotspots
such as COVID-19, as it cannot accurately display the meaning and causation of detected
hotspot patterns.

Moreover, Hruby et al. [25] proposed 3D visualization techniques, i.e., the geovi-
sualization immersive virtual environments (GeoIVE), representing geospatial data in
real-time; however, 3D visualizations for hotspot-based maps, especially maps used to
illustrate COVID-19 distribution patterns, are still considered less suitable for real-time use,
as COVID-19 transmission is difficult to physically determine due to human interaction
and human mobility. The hotspot analysis can be represented with spatiotemporal data
using a space–time cube (STC) model.

The definition of STC is a 3D visual form of a geographical phenomenon represented
by the horizontal plane of the cube (spatial) and the vertical axis (time) represented in the
bin [28]. Previous studies by Kveladze et al. [29] reported that the STC model could be
used for geovisualization analytics to help users understand spatiotemporal patterns in
commuter movement data. Marek et al. [30] report that the STC model’s use may explore
the spatiotemporal trend of disease behavior caused by campylobacteriosis and can be
visually focused onto a specific region; however, the problem with STC modeling lies in
its visual complexity. Kveladze et al. [31] reported that the STC design makes it difficult
for users to understand the meaning behind spatiotemporal data. Spatial aggregation
techniques in one bin provide solutions to visual complexity, especially point-based data
with output results in the form of hotspots that can accurately represent spatiotemporal
data. Hotspots integrated with STC are referred to as emerging hotspot analysis. Both
techniques can be used as tools for decision-making, especially for the handling of COVID-
19 [32]. Building hotspots and STC require spatial data regarding the spread of COVID-19.
Coronavirus transmission monitoring is critical so that we may detect areas that need
serious treatment and help make predictions [33]. With monitoring, it is expected that
COVID-19 can be handled effectively and efficiently.

Research on emerging hotspot analysis and STC for COVID-19 was previously adopted
for a study conducted in China by Mo et al. [34]. Their analysis results mentioned that
COVID-19 had spread rapidly and that transmission is centered in urban areas. STC
models and emerging hotspot analysis have also been applied to other studies, e.g., the
spatiotemporal characteristics of traffic accidents in elderly populations, gestational age
and low birth weight at term, and hemorrhagic fever in renal syndrome epidemics [35–37].
STC and emerging hotspot analysis are becoming an increasingly popular trend in health
studies because these approaches allow for spatiotemporal integration, which is important
for disease surveillance and monitoring. Other research into COVID-19 transmission has
also been conducted in Brazil, investigating metropolitan areas and along main roads with
dense populations that feature significant amounts of hotspots [38]. This is the case with
Desjardins et al. [2], who used space–time statistical models for COVID-19 monitoring in
the United States. These researchers suggest quarantine or isolation measures to slow the
transmission of the virus.

The transmission of the SARS-CoV-2 virus must be controlled immediately so that
the number of casualties does not increase; one approach to reducing transmission is to
map COVID-19 hotspots spatially. Previous research by Mo et al. [34] mapped COVID-19
transmission hotspots in China using the STC model, but hot/cold spot information uses all
known data, so it has not been able to describe the spatial trend patterns of hotspot changes.
There has been no research that examines the relationship between STC-based COVID-19
hotspots and proximity factors related to significant sites of interpersonal contact, such
as entertainment venues, restaurants, transportation, and others. In addition, STC-based
COVID-19 hotspot mapping has only been carried out in developed countries, not for
developing countries such as Indonesia. It also does not address the possibility that the
community’s mindset and culture do not impact the current COVID-19 outbreak, both in
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developed, developing, and underdeveloped countries; therefore, in this study, we aimed
to (1) identify the trend pattern of STC-based COVID-19 hotspots with the time-to-time
approach and overall time; (2) identify proximity factors strongly related to COVID-19
hotspots, especially in the East Java Province. This study’s results are expected to be
considered by policymakers in determining decisions so the response to COVID-19 can be
both effective and efficient.

2. Materials and Methods
2.1. Study Area

East Java province is located at the eastern end of Java Island, Indonesia (Figure 1).
The province was chosen as a research site because East Java is the second epicenter of
the COVID-19 epidemic in Indonesia, after Jakarta. Within a few days, the number of
positive cases in this region surpassed Jakarta. In terms of population, East Java is the
second largest province in Indonesia after West Java. In the past decade, several endemic
disease outbreaks have occurred in the region between 2009 and 2014, such as Dengue virus,
Japanese encephalitis, and Chikungunya [39]. The uniqueness of this region’s social, economic,
and cultural conditions is a strong reason for this research’s importance.
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Figure 1. Research location in East Java, Indonesia.

2.2. Data Source

Our data sources include the tracking of positive cases of the SARS-CoV-2 virus
obtained from the COVID-19 Radar Website in East Java Province, including patients in
care, recovery, and fatal cases [40]. Each case’s information consists of the point of the
event location, the order of the case, the age, the gender, the patient’s status, the location of
the village, the subdistrict, and the district. The coordinates of the positive case have low
accuracy precision with a radius of 1 km and within the countryside’s scope, where the
patient lives; the low precision was intentionally done in order to protect patient privacy.
Spatiotemporal modeling was conducted using accumulated data over the last four months
from mid-March, April, May, and June 2020 for a total of 9915 occurrences.

2.3. Analysis Method

We conducted two analyses in this study, which were nonspatial and spatial. The
nonspatial analysis was conducted to describe the pattern of positive cases and deaths due
to COVID-19 in East Java based on graphs integrated with demographic characteristics. The
spatial analysis was carried out to identify COVID-19 hotspot patterns in East Java using
maps to deepen knowledge regarding the distribution of COVID-19. The development of
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hotspot cluster models (2D and 3D) plot coronavirus cases spatially through a series of
stages (Figure 2). The analysis process started with a tabulation of positive case event data
in Microsoft Excel (CSV format). The data contain geo-referenced information on longitude
and latitude coordinates (spatial dimensions) and time sequence events (time dimensions).
The next step was to convert event data from a text file into an ESRI Shapefile through the
ArcGIS Pro 2.5 software [41]. The spatiotemporal pattern analysis can be estimated using
space–time cube (STC), along with an emerging hotspot analysis tool for spatial analysis.
NetCDF data were visualized into 3D to determine the spatiotemporal trend. A hotspot
pattern (emerging hotspot analysis) was then used for daily analysis each month (March,
April, May, and June) to find trends over time.
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2.3.1. Spatiotemporal Analytics Framework

COVID-19 case data were used as STC input data. They were then converted to
NetCDF data (Network Common Data Form), where x and y represent space dimensions,
and t represents time dimensions. Columns that include the same region (x,y) have the
same ID and can be integrated to represent the bin time series. In this study, the spatial size
(x,y) in each bin was set at 1 km with a hexagonal bin (Appendix A: Figure A1) to match
the accuracy of the location of positive cases of COVID-19 disease and the output of the
provincial-scale map information. The calculated value of each bin reflects the number of
occurrences at that location during a given time interval. The bin can be visualized in 3D
geometry (Appendix A: Figure A2) on the computer screen through ArcGIS Pro.

We used two different approaches to identify the spread patterns of COVID-19 positive
cases over time. In the first approach, the spatiotemporal distribution pattern of positive
cases was analyzed monthly. In this analysis, we considered the number of cases that
appear periodically, and the scale of mapping used in regional categories (provincial-scale);
however, time step intervals are used daily starting when COVID-19 first entered East Java
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Province on 19 March 2020. The spatiotemporal distribution pattern was analyzed based
on the accumulated time over the last four months of the same spatial size; however, time
step intervals were used daily. Time Step Alignment was initially used because it follows
the emergence of COVID-19 in East Java.

2.3.2. Emerging Hotspot Analysis

The hotspot analysis was intended to calculate the statistical significance of covering
the regions with the highest spread of positive cases of COVID-19. In this study, using
spatial (event location) and temporal (time of the event) hotspot analysis collected together
into the bin is referred to as the emerging hotspot analysis (Appendix A: Figure A3) [42].
The time slice was set as an end time analysis based on the last month’s data, and the
resulting STC is used as input data for hotspot analysis. There are two types of hotspot
distribution patterns: hotspots with high-value significance over the entire period; cold
spots where the significance of the value decreased over time [43,44].

Theoretically, hotspot analysis is based on the value of spatial relationships to calculate
the statistics of each bin. We used Getis and Ord’s formula for emerging hotspot analysis
given in Appendix B (Equations (A1) and (A2)) and the Conceptualization [45] of Spatial
Relationships to create hotspot patterns using a fixed distance. These parameters relate to
neighborhood distance and neighborhood time step. Neighborhood size affects cluster size
in hotspots; small neighborhood distances produce variations in local trends; some features
did not have neighborhood information [46,47]. Neighborhood distance value selection is
a subjective element [48], so neighborhood distance was calculated automatically from the
ArcGIS Pro software itself [47]. The optimal neighborhood distance value for two temporal
approaches was 10 km; the neighborhood time step was 1.

Once the analysis of emerging hotspots was complete, each bin had a z-score, p-value,
and hotspot classification. Furthermore, hotspot and cold spot trends were evaluated using
the Mann–Kendall trend test [49,50]. The overall results of z-score and p-value hotspots and
each bin’s trends can be classified into 17 categories given in Appendix C (Tables A1 and 2)
using the emerging hotspot analysis tool [44]. All bins with hotspot trends were evaluated
using the Mann–Kendall trend test and hotspot trend analysis visualized in 2D.

2.3.3. Correlations of Hotspot Patterns with Proximity Factors

Hotspot connectivity patterns between regions were identified using hierarchical
density estimates [51,52]. Hotspot location spreads were clustered based on high density
and separated by low density. Hotspot objects with low density are considered noise
or outliers. Clustering hierarchically can optimally maximize the overall stability of the
selected cluster [52]. A grouping was then carried out based on a standard deviational
ellipse [53] to identify the direction of distribution of density-based clustering results. Then,
hotspot connectivity was determined between regions based on ellipse orientation.

We calculated the correlations of 13 proximity factors with the hotspot pattern to
determine the potential association with the spread of COVID-19, including road density,
distance to road, distance to the urban center, distance to automatic teller machines (ATMs),
distance to attraction sites, distance to bank, distance to bus station, distance to cafe,
distance to restaurant, distance to fuel station, distance to lodging, distance to rail stations,
and distance to shopping centers and locations for a more in-depth interpretation related
to hotspot connectivity patterns. All our proximity factors data were extracted from the
Open Street Map (OSM) Website [54] and processed through ArcGIS Pro software. Then,
we performed a zonal statistics analysis based on the hotspot/cold spot detected in East
Java during either the first or second approach. An correlation ratio (Eta) was used to
identify the relationship between hotspot/cold spot (nominal data) and proximity factors
(numeric data). A correlation test was needed to reinforce assumptions about the spread of
COVID-19 and hotspot connectivity patterns between regions. Classification of correlation
values include weak correlation (≤0.35), modest correlation (0.36–0.67), strong correlation
(0.68–0.9), and very strong correlation (≥0.9) [55].
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3. Results

The results of this study are divided into four sections, including (1) analysis of
temporal nonspatial data trend data and demographic characteristics of COVID-19 disease,
(2) 3D visualization of STC models, (3) emerging hotspot analysis, and (4) correlations of
hotspot patterns with proximity factors.

3.1. Analysis of Data on Nonspatial Trends and Demographic Characteristics of the COVID-19
Disease in East Java Province

The SARS-CoV-2 virus first appeared in East Java on 19 March 2020, and a total of nine
people were confirmed positive. The patients came from three areas, namely Surabaya,
Malang, and Malang Regency. The number of people infected with the virus increased over
time. The data showed that 9915 people in East Java were infected with the SARS-CoV-2
virus from 19 March to 23 June 2020, with the death of 682 people and the recovery of
1188 people. The distribution of daily COVID-19 positive cases in East Java showed an
increasing trend (Figure 3a). The initial emergence of COVID-19 from 19 March to 23 June
2020, shows a pattern between recovery and mortality rate (Figure 3d).
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The COVID-19 pandemic curve from 19 March to 20 May 2020, shows an upward
sloping trend, with a positive accumulative of cases in East Java, which included 2466 peo-
ple; however, from 21 May to 23 June 2020, the trend of cases sharply increased. The spike
in cases is clearer when analyzing the accumulative cases up to that date, which reached
9915 people, meaning East Java experienced a spike in cases of more than 7000 people
in the space of a month, indicating that East Java’s coronavirus transmission rate was
increasing faster since the end of May 2020.

The mortality curve in COVID-19 patients shows an increasing trend (Figure 3b), i.e.,
it does not experience a significant spike; this is evident from the cumulative case rate of
COVID-19 patient deaths every month from March to June. In March, the cumulative death
rate was 11 people; in April, 145 people; in May, 384 people; June of 682 people. The death
rates show that the increase in COVID-19 patient deaths is not too sharp. The cumulative
percentage of deaths was only 4.22% of the total positive confirmed cases (9915 cases).

The number of people infected with coronavirus ranges across different age groups
(Figure 3c). The 0–5 age group has 123 cases, ages 6–17 has 485 cases, ages 18–30 has
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7319 cases, ages 31–45 has 2692 cases, ages 46–59 has 3055 cases, and ages >60 has 1685
cases. The data show that patients with COVID-19 are mostly aged 18–30, whereas the
0–5 age group has the least number of positive cases.

The death rate of COVID-19 patients varies widely in each age group: age group
0–5 (one death), ages 6–17 (two deaths), ages 18–30 (17 deaths), ages 31–45 (102 deaths),
ages 46–59 (268 deaths), and age >60 (258 deaths). Mortality rates in older adult groups
account for the highest percentage of deaths relative to the total death count. The highest
Case Fatality Rate (CFR) was 15.31%, indicating that the risk of death in elderly COVID-19
patients is quite high, even though the number of positive patients is not high.

3.2. 3D Visualization of the STC Model for Hotspot Spatiotemporal Trend

The STC modeling was stored in NetCDF format and was visualized into three
dimensions displayed in bin form (Figure 4), containing 84,002 grid locations with a
spatial size of 1 km covering an area of 375.28 km from west to east and 194 km from
north to south. The total number of STC bins is 8,148,194, which was gathered from the
aggregation of the location and time of the occurrence of positive coronavirus cases in East
Java. Mann–Kendall statistics were used to analyze and evaluate models on the overall
case event trend data. The z-score = 9.3618 and p-value = <0.001 (<0.05), which means that
the overall incidence rate of positive cases in East Java leads to an upward trend. Positive
case incidents are displayed and classed based on hotspot trends of statistical significance:
hotspots (99%, 95%, and 90% confidence), cold spot (99%, 95%, and 90% confidence), and
no pattern (<90% confidence); however, STC is used to denote the area with the most
significant hotspot trend, namely in Surabaya and surrounding areas (Figure 5).
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The visualization results will be crowded if all available data were displayed and
requires considerable computing resources. Figure 5a shows that cold spots were concen-
trated in the center of Surabaya in the first phase and spread to suburban areas, as the
number of cases decreases every time with a significance of 90%–95% confidence interval
(CI). Furthermore, there was an increase in new positive cases at the end of the second
phase (Figure 5b), which visually indicated significant hotspots with a 95%–99% CI at
the end of the bin. In the third phase (Figure 5c), there was a surge in cases in all areas
of Surabaya and suburban areas; as such, significant hotspots appeared with an overall
99% confidence.

Figure 6 displays hotspot/cold spot patterns in a single bin representation at each time
step interval. The interpretation of the hotspot/cold spot pattern based on time variability
is divided into four phases. Phase division is not determined by a particular threshold
but based on a significant change in hotspot/cold spot patterns. In phase 1, cold spots
appear on-again and off-again. That is, a cold spot appears, then there is no pattern, and so
on. Based on bin results, the z-score values in cold spots for confidence intervals (CI) of
90% and 95% are <–2.5 and −2.75–−2.5, respectively. At the peak of phase 1, there was an
increase in trends marked by the emergence of hotspots with a CI of 95% then 99% with a
value of z-score 2.78–3.3 and >3.3, respectively.
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The classification of z-score values with a CI between 90% and 99% hotspots/cold
spots is the same in each phase. In phase 2, there is no hotspot/cold spot 52% of the
time, starting from the beginning of the phase; however, a hotspot appeared the next day
with a CI of 99%. There are fluctuations in the pattern until the peak of the phase, where
there is no pattern, then hotspots appear (99%, 95%, then 99%) inconsistently and end
with no pattern. Hotspots with a CI of 99% consistently appear in phase 3, with at least
70% occurring since the beginning of the phase. The next day, no pattern appeared, and
a hotspot with a CI of 99% appeared. Then, there is a decrease in hotspot trends to 90%,
with a value of z-score of 2.5–2.78. At the peak of phase 3, no pattern appeared. Overall, in
phase 4, hotspots consistently appear with a CI of 99% until the end of the phase. It can be
noted that the bin representation described the hotspot/cold spot pattern at each time step
interval in detail; we can alternatively directly explore COVID-19 cases spatially from any
given time through hotspot analysis.

3.3. Emerging Hotspot Analysis (Monthly and Accumulated Four Months)

The hotspot analysis results show areas that have statistically increased or decreased in
the number of cases. In the first approach, hotspots are created monthly. In March, as shown
in Figure 7b, 22 new cold spots appeared in Surabaya Raya. In April (Figures 7c and 8b),
123 oscillating and 30 sporadic hotspots appeared in Surabaya Raya, which were part of
the largest cluster (Figure 7c) and a small part of the Magetan Regency (Figure 8b).
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In May, hotspot patterns were detected in the Greater Surabaya area (Surabaya,
Sidoarjo Regency, and Gresik Regency) and Malang Raya area (Malang City, Malang
Regency, and Batu City); see Figures 7d and 8c, respectively, for more information. There
were 214 oscillating, 18 sporadic, three consecutive, and seven new hotspots in Lamongan
Regency (Figure 8c). The hotspots were concentrated in Surabaya (Figure 7d) and slightly
entered the Bangkalan Regency and Sidoarjo Regency.

There were 229 persistent, 53 sporadic, 77 oscillating hotspots in June, with 1 new
hotspot and 12 oscillating cold spots (Figures 7e and 8d). The number of cases increased
continuously in the Surabaya city center area (Figure 7e) and spread widely towards the
suburban area of Surabaya Raya. In Tulungagung Regency (Figure 8d), some local areas
were cooling due to a decrease in positive cases.
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The second approach of hotspot analysis uses the accumulation of coronavirus cases
over a period of four months. Of course, the hotspot pattern will be different from the
analysis results based on the time per month. There were 7 consecutive, 395 sporadic,
342 oscillating, and 2 new hotspots detected during March to June. There were two areas
with large clusters, such as Surabaya Raya (Figure 7f) and Malang Raya (Figure 8e). Besides,
several local areas in Sumenep Regency (Figure 8f) also appeared in new clusters. The
entire coronavirus transmission process shown depends on the aggregation of the point
location for four months; therefore, the spatiotemporal hotspot analysis in the second
approach contains more general coronavirus cluster information than the first approach in
terms of spatiotemporal data.

3.4. Correlations of Hotspot Patterns with Proximity Factors

The cluster of hotspots in the East Java Province from March to June is centered
in Surabaya and its surroundings and closely related to the distance from the road and
density of the road junction. Coronavirus transmission is directly affected by anthropogenic
activity because, in general, coronavirus transmission occurs person-to-person through
physical and air contact. Thus, a hotspot connectivity pattern was formed from the result
of continuous inter-regional interactions. Hotspot connectivity patterns were built based
on emerging hotspot analysis maps.

Figure 9 shows the hotspot connectivity pattern between regions, where the hotspots
are shaped like an amoeba, with Surabaya city as the cluster center. Amoeba-shaped
patterns indicate that coronavirus transmission is more likely to occur in city centers than
in villages. The amoeba shape is based on the coronavirus cluster center, so that dots
appear that form hotspot connectivity patterns continuously.
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The correlation between hotspot pattern and 13 proximity factors is shown in Table 1.
Overall, for the hotspots that were accumulated over a period of four months, there was
a significant modest-level relationship with proximity factors, unless the distance to a
bus station was at a weak level, as COVID-19 hotspots tend to cluster around places
of commerce and business, financial storage, transportation, entertainment, and food,
especially in urban areas with high road density. COVID-19 hotspots tend to cluster around
these areas because the local population must all necessarily frequent these locations and
services to meet their needs, leading to interaction with other people and risking the
contraction of transmission of the virus; thus, the transmission of the virus is significant in
urban areas. This situation also applies to COVID-19 hotspot relationships with proximity
factors; however, among all modest-level relationships with COVID-19 hotspots, distance
to the urban center, distance to fuel station, and distance to cafe factors fall into the highest
category with correlation ratio (Eta) values of 0.639, 0.629, and 0.614, respectively.

Table 1. Correlation ratio (Eta) between proximity factors and hotspot patterns.

Proximity Factors March April May June All-Months
Dis-to-road 0.361 * 0.391 ** 0.330 ** 0.311 ** 0.382 **

Road density
(km/km2) 0.644 ** 0.688 ** 0.542 ** 0.435 ** 0.501 **

Dis-to-urban center 0.601 ** 0.564 ** 0.708 ** 0.727 ** 0.639 **
Dis-to-ATMs 0.309 ** 0.324 ** 0.568 ** 0.612 ** 0.495 **

Dis-to-attraction 0.523 ** 0.378 ** 0.547 ** 0.302 ** 0.465 **
Dis-to-bank 0.390 ** 0.512 ** 0.582 ** 0.665 ** 0.587 **
Dis-to-bus 0.221 0.371 ** 0.384 ** 0.655 ** 0.263 **
Dis-to-cafe 0.527 ** 0.522 ** 0.579 ** 0.471 ** 0.614 **

Dis-to-restaurant 0.465 ** 0.520 ** 0.582 ** 0.403 ** 0.589 **
Dis-to-fuel 0.421 ** 0.573 ** 0.664 ** 0.630 ** 0.629 **

Dis-to-lodging 0.502 ** 0.568 ** 0.450 ** 0.488 ** 0.578 **
Dis-to-rail 0.414 ** 0.303 ** 0.613 ** 0.408 ** 0.437 **

Dis-to-shopping 0.529 ** 0.568 ** 0.521 ** 0.589 ** 0.577 **
Note: ** = significance at the 0.01 level (two-tailed); * = significance at the 0.05 level (two-tailed); green color block
= weak correlation; yellow color block = modest correlation; orange color block = strong correlation.

Distance to a bus station has a weak relationship with COVID-19 hotspots. The
possibility is logical because, at the time of the outbreak, restrictions were placed on



ISPRS Int. J. Geo-Inf. 2021, 10, 133 13 of 22

services, e.g., a reduction in public transport, where the number of passengers was limited,
routes and operating hours were limited, and physical distancing was imposed on buses in
order to reduce transmission rates. Surprisingly, rail stations have a greater relationship
with COVID-19 hotspots than bus stations, despite both enforcing service restriction
policies. Logically, the difference in the level of relation to COVID-19 hotspots on bus and
rail stations depends on population mobility, the ventilation quality factor, the cleanliness
of the interiors of buses or trains, and the duration of travel time.

COVID-19 hotspots have a significant and consistent relationship with proximity
factors, except for distance to bus stations in March; however, factors have a varying level
of relationships over time, such as distance to road, road density, distance to the urban
center, distance to ATMs, distance to attraction, distance to bus station, and distance to
rail station. This situation indicates that the emergence of COVID-19 hotspots over time
depends on the frequency of the population mobilizing to meet their needs, the adherence
of residents to health protocols for COVID-19, and the effectiveness of government policies
related to controlling the risk of COVID-19 outbreaks.

4. Discussion

At the time of this study, there were 9915 positive COVID-19 cases in East Java. Young
people aged 18–30 accounted for the highest rate (7319); the highest mortality rate was
found in ages 46–59 to >60. COVID-19 transmission patterns from March to June are
marked by the changing patterns and dynamics of hotspots in every region in East Java.
Surabaya and Malang are two cities that have sporadic and oscillating patterns. This
condition is different from other cities in East Java, which only experience one or two
sporadic patterns followed by cooling patterns.

Judging by the chart of the development of COVID-19 cases in East Java, it is clear
that the number of daily cases tends to increase (Figure 3a). The government has made
various efforts to prevent COVID-19 transmission, one of which is through the Large-scale
Social Restrictions (PSBB). Implementation of the PSBB for the Surabaya Raya area, which
became a hotspot area, was carried out in three phases from 28 April to 7 June 2020 [56].
The PSBB did not appear to reduce the curve in new cases significantly; the development
of COVID-19 cases continued to increase during the PSBB period. This condition is due
to the community’s poor adherence to health protocols such as physical distancing and
masks [57,58].

The Surabaya Raya region began to enter the transition phase to “New Normal”
from 8 to 22 June 2020, to restore economic conditions. During this phase, restrictions on
economic activity were loosened while still adhering to health protocols. Since the end of
the PSBB period, the number of daily COVID-19 cases in East Java has increased sharply,
with an average of 250 daily cases; making East Java the province with the highest number
of Indonesia’s cases and exceeding Jakarta on 20 June 2020 [4]. Although East Java has
the highest number of cases in Indonesia, this province’s attack rate is not the highest in
Indonesia. As of 27 June 2020, the value of the attack rate in East Java was ranked 9th out of
the 34 provinces, with a value of 27, which means 27 per 100,000 residents of East Java were
found to have COVID-19 [59]. Besides, East Java Province’s transmission rate as of 23 June
2020, is 1.0, meaning that every 5–7 days, each positive case will transmit one time [60].
The higher the transmission rate, the greater the potential for new cases to emerge.

The difference in method analysis used in previous studies lies in the type of aggrega-
tion form that serves to accommodate the number of positive case locations in a single bin.
Previous research used a rectangular aggregation form with a 135 km2 grid size, such as
the study by Mo et al. [34], whereas in this study, we used a hexagonal aggregation form.
The shape of the hexagonal grid for ecological modeling analysis, especially in terms of
connectivity, nearest neighborhood, and path movement, is lower in definition ambiguity
than the rectangular grid [61]. In our study, the number of nearest neighbors to build STC
and emerging hotspot analysis was the centroid, in a sense determined based on the fixed
distance by using hexagon grids, which are superior to rectangular grids because more
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information is calculated [62]. There is no positive case sampling bias that would prevent
neighbor information from tessellating (continuous and not overlap).

Temporal bias at one-day intervals in the STC model was close to the first and second
averages above 30%. The last data point’s positive case data were directly omitted due
to a drawback of the STC-based spatiotemporal analysis model. It is not easy to level the
time interval on the spread of fluctuating positive cases of COVID-19 in one day. It is
more appropriate to set the time step interval following the average incubation of the virus;
however, it does not prevent the possibility of a small amount of temporal bias or a bias
even higher than the one-day interval time step.

The neighborhood distance required to build the STC model, especially for COVID-
19 cases, was calculated by default. This step is suitable for use because considering the
transmission of viruses reviewed from the range of spread is so dynamic that it is difficult to
determine the absolute value of neighborhood distance. Road density for proximity factors
is set to the radius distance value by default. We considered it following the emerging
hotspot analysis because road density and emerging hotspot analysis follow the regional
scale mapping based on East Java province’s output extent.

Previous research by Wimberly et al. [63] focused on the West Nile virus (WNV)
diseases based on dot density maps that are spatially smoothed. Their results showed
that the Northern Great Plains region became a persistent hotspot of WNV, but there
was no specific threshold value for hotspot classification. Mala and Jat [64] conducted
a spatiotemporal analysis for the kernel density-based dengue disease and found that
the kernel method can accurately represent the time dimension. From both studies, the
STC model with over time and overall time approach can also help the spatiotemporal
identification of hotspots in epidemic phenomena and be widely applied.

The 3D visualization on the STC model contains hotspot/cold spot COVID-19 pattern
information on each bin detected in East Java. The information depends on the time step
interval used. Each bin can be used to identify hotspot/cold spot significance value per
time step interval. Of course, 3D visualizations can help see hotspot/cold spot change
patterns in detail due to the aggregation of each bin’s positive case locations. Another
advantage is that policymakers can monitor and evaluate policies applied at certain times
in the bin related to policies and actions taken to prevent the spread of COVID-19; however,
the downside of the 3D visualization of the STC model is that it cannot see each cube any
deeper, and can only be seen from one side, making it difficult to understand and analyze
the hotspot patterns. Emerging hotspot analysis can deduce the meaning of each bin’s
hotspot pattern from 3D visualization results to facilitate an interpretation on a monthly
and four-month accumulation of COVID-19 cases.

In the first approach, a decrease in cases of SARS-CoV-2 virus transmission in March
in the Surabaya (new cold spot) area were due to the application of physical distancing
areas, screening activities at intercity border locations, disinfectant spraying, tightening the
policy of lane monitoring between city/district areas, and local lockdown of some areas.
Transmission of the virus continued despite the implementation of PSBB; however, the
emergence of new cases is uneven (sometimes appearing and disappearing) and occurred
in sporadic hotspots because health protocols for preventing virus transmission were still
implemented, e.g., the mandatory wearing of masks when in public, washing hands with
hand sanitizer, physical distancing, and only leaving the house when necessary.

The PSBB event that was expected to reduce risk and break the transmission chain
of the SARS-CoV-2 virus does not show significant results; we argue that many residents
violated the night quarantine (9:00 p.m. to 4:00 a.m.), especially in Surabaya. Meanwhile,
the emergence of positive cases is not so extreme and is interspersed with a decrease in
the number of cases (cold spots) sometimes in a month represented by oscillating hotspots.
New hotspots appear in Lamongan Regency, especially in pantura (north beach) settlements.
Religious tourist attractions are officially closed by the local government, but not for some
coastal tourist areas. As a result, the number of cases increased and the area became a new
cluster (new hotspot).
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New normal events in June resulted in an explosion in the number of positive cases,
especially in Surabaya. The core area of the city became a persistent hotspot during this
event because of the explosion of additional cases caused by the attack rate (189.3/100,000)
and the horizontal rate of transmission (1.4) in Surabaya, which is categorized as high
due to the close association and close contact of people [60]. This situation means that,
for every 100,000 people, at least 190 of them are COVID-19 positive. The horizontal
rate of transmission value exceeded 1, indicating that more and more people are infected
over time, also due to the impact of the ‘new normal’ policy, i.e., the reopening of the
country after quarantine measures; however, the new normal policy has taken into account
health protocols, surveillance, and health system capacity. Tulungagung Regency showed
oscillating cold spots, indicating that there were no new cases during the final two weeks in
June, and patients recovered in some region clusters because there may not be any positive
case reports from the end of the second to the third week of June; this could also be due to
the incubation period of the virus, which is about 7–14 days.

Previous research has said that the prevalence of COVID-19 is higher due to the high
percentage of older adults and weak health infrastructure [65]; however, in this study, we
instead found that the countryside was more resistant to the SARS-CoV-2 virus, in contrast
to the countryside in northeastern Brazil, which has a cluster of positive cases of COVID-
19 [66]. The reasons for this difference include environmental conditions in the countryside,
such as minimal pollutants, that are conducive to reducing the risk of developing chronic
diseases that make somebody more prone to COVID-19 infection. Another possibility is
that residents in rural areas have sufficiently strong immune systems and are less affected
by the virus. In terms of economy, most rural areas become suppliers of food for urban
areas (rice fields, horticultural crops, fishponds, marine fish, etc.). Rural residents also tend
to keep their public activities local, which is likely to reduce the spread of transmission
across the study period.

Transmission of the SARS-CoV-2 virus in East Java was more likely to occur in city
centers. The amoeba-shaped pattern is centered in Surabaya and a metropolitan area in
East Java Province’s capital. In this case, new findings emerged to explain the network
of interactions, i.e., the accessibility of national roads connecting major cities played an
important role in transmitting the virus, as social–cultural factors in Indonesia’s communi-
ties rely on traveling long-distance in close mobility using private vehicles. When people
travel to other regions, they may be exposed to the virus. Besides, major cities have high
intraurban connectivity, resulting in higher gross domestic product (GDP) values [67,68];
this results in more people using national roads and engaging in activities in the city. The
transmission rate of the SARS-CoV-2 virus is higher because cities with high GDP indicate
high economic activity and significant human interaction. This situation can be potentially
emerging COVID-19 hotspots in the area.

Dense residential conditions with a high density of road network nodes, especially in
urban areas, have high carbon emissions (PM2.5 and CO2) caused by the number of passing
vehicles, leading to a higher risk of chronic diseases [69]; this may increase sensitivity to
COVID-19 infection, which may mean that city residents could be at an increased risk
compared to rural residents. Emissions are indirectly related to the emergence of hotspots
due to poor air quality in the city; however, road density is inconsistent with COVID-19
hotspots in East Java every month. Moreover, places that fulfill the city’s primary needs in
East Java, e.g., buying food in restaurants, gasoline for vehicles, and banks, consistently
become hotspots due to human interaction through money, purchasing goods, and possible
physical contact person-to-person. The night culture of East Java, e.g., cafe culture, is
also a factor in the emergence of COVID-19 hotspot clusters. Lodging places are also
consistently associated with hotspots due to the diverse factors of the people living there.
In addition, the indoor conditions of urban buildings tend to be narrower and more poorly
ventilated than large outdoor areas, making people who frequent the indoors more at risk
of developing SARS-CoV-2 virus infection [70]. People in indoor areas also have to deal
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with long contact durations and person-to-person physical closeness; this also applies to
buses and trains.

Our study has several limitations. One limitation is that the COVID-19 distribution
coordinate plot data have low accuracy with a random location radius of 1 km, pattern
depiction, and the spatial interaction between regions is subjective, especially clustering
the emerging hotspot analysis results. We did not have access to any data that outlines a
patient’s activities prior to testing positive, so the origin of SARS-CoV-2 virus transmis-
sion in East Java Province is unknown, as no contact tracing was performed. For future
research, we first suggest that the neighborhood value for hotspot maps uses a stepwise
approach (different sizes) for retail analysis. For support, the mapping should be based
on a multiscale. Second, it is necessary to set the time step interval based on the virus’s
incubation period in a multiclassification because each location’s incubation period may
differ. Third, other proximity factors can be added related to coronavirus transmission,
such as biophysical and anthropogenic factors, which can deepen the analysis that can later
be useful to decision-makers who determine COVID-19 policy.

5. Conclusions

Spatiotemporal hotspot modeling using space–time cube (STC) and emerging hotspot
analysis generates positive case location-based COVID-19 deployment pattern information.
Three-dimensional hotspot visualization can represent changes in hotspot significance for
every time step interval in each bin statistically. Different temporal phases can identify the
direction of hotspot distribution that appears. The direction of hotspot distribution that
appears in East Java is centered in Surabaya and the metropolitan area, which then spread
widely to suburban areas and other cities over time. The drawback of 3D visualization
is that it is difficult to determine the entire temporal hotspot pattern in each bin. To
address this difficulty, emerging hotspot analysis is a useful analysis tool to identify the
pattern. The irregular hotspot pattern describes a statistically significant hotspot for the
last time step interval, which has a statistically significant cold spot during the previous
time step. Less than 90% of time step intervals become statistically significant hotspots.
Hotspot oscillating patterns denote locations that display an on-again–off-again pattern.
Less than 90% of time step intervals become statistically significant hotspots, and no time
step intervals become statistically significant cold spots. Both patterns occur in Surabaya
Raya, which means the development of COVID-19 has been delayed or cured; however,
the pattern is not balanced with the emergence of new cases, so that statistically, 90% is still
significant. Hotspot analysis of the first approach, which was done monthly, has higher
spatiotemporal information detail than the second approach (accumulation of four months)
because it can highlight where cases are increasing, rapidly increasing, and appearing,
which cannot be identified only by the entire data collection. Overall, the determination
of spatial and temporal resolutions for building STC needs to be emphasized because it
affects the detailed analysis level, especially for exploring endemic disease behavior. Of
course, it directly impacts the results of the emerging hotspot analysis.

The hotspot cluster ellipse built from the emerging hotspot analysis has a continuous
pattern resembling an amoeba. COVID-19 hotspots in East Java tend to appear in urban
areas with intensive human interaction such as trade and business facilities, financial stor-
age, transportation, entertainment, and food venues. Human interaction is directly related
to urban activities and proximity to main roads. Based on the study results, we conclude
that an efficient and effective policy is needed, especially for young people (18–30 years)
who are generally asymptomatic; the lifestyle of millennials is also a contributing factor,
especially in Surabaya and Malang. The patterns and characteristics of COVID-19 hotspots
in East Java will most likely not be the same as other regions due to the community’s
sociocultural factors that indirectly affect the intensity of human interaction. Overall, the
STC model results and emerging hotspot analysis can be directly linked to supporting
factors such as proximity factors to explain why the hotspot appeared in the region and
did not appear in other regions.
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where xj is the attribute value, j is wi,j the spatial weight value between and, i and j is the
total number of n features.
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No pattern detected 

Intensifying Hotspot 
 

Locations that become hotspots are statistically signifi-
cant during 90% of time step intervals, including final 

time step intervals. The intensity of high clustering 
amounts in each time step increases overall and is sta-

tistically significant. 

Persistent Hotspot 
 

Locations that become hotspots are statistically signifi-
cant for 90% of time step intervals in the absence of 

trends indicating an increase or decrease in clustering 
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Oscillating Hotspot 
 

A statistically significant hotspot for the last time step 
interval has a history as a statistically significant cold 
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have become statistically significant hotspots. 

Sporadic Hotspot 
 

The location of the hotspot is on-again rather than off-
again. Less than 90% of time step intervals become sta-
tistically significant hotspots, and no time step interval 

is a statistically significant cold spot. 

New Hotspot 
 

The location is a statistically significant hotspot for fi-
nal time step intervals and has never been a statisti-

cally significant hotspot before. 

The location of the hotspot is on-again rather than off-again. Less than
90% of time step intervals become statistically significant hotspots, and

no time step interval is a statistically significant cold spot.

New Hotspot
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cally significant cold spot before. 
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spot  

Locations that become cold spots are statistically sig-

nificant during 90% of time step intervals, including fi-

Locations that become hotspots are statistically significant during 90% of
time step intervals, including final time step intervals. The intensity of
the high number of groupings at each time step decreased statistically

significantly overall.

Historical Hotspot
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The most recent period is not hot, but at least 90% of time step intervals
have become statistically significant hotspots.
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all bins were statistically significant hotspots.

Table A2. Cold spot categories based on [44].

Pattern Symbology Definition
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ISPRS Int. J. Geo-Inf. 2020, 9, x FOR PEER REVIEW 19 of 22 

 

Diminishing Hotspot 
 

Locations that become hotspots are statistically signifi-
cant during 90% of time step intervals, including final 

time step intervals. The intensity of the high number of 
groupings at each time step decreased statistically sig-

nificantly overall. 

Historical Hotspot 
 

The most recent period is not hot, but at least 90% of 
time step intervals have become statistically significant 

hotspots. 

Consecutive Hotspot 
 

Locations with one hotspot path are statistically signifi-
cant without any interference in final time step inter-

vals. Locations were never statistically significant 
hotspots before the last hotspot was run, and less than 
90% of all bins were statistically significant hotspots. 

Table A2. Cold spot categories based on [44]. 

Pattern Symbology Definition 

No Pattern Detected 
 

No pattern detected 

Intensifying Cold 

spot  

Locations that become cold spots are statistically sig-

nificant during 90% of time step intervals, including fi-

nal time step intervals. The intensity of low clustering 

amounts at each step time increases overall and is sta-

tistically significant. 

Persistent Cold spot 
 

Locations that become cold spots are statistically sig-

nificant during 90% of time step intervals in the ab-

sence of trends indicating an increase or decrease in 

clustering intensity over time. 

Oscillating Cold spot 
 

A statistical cold spot for the last time step interval has 

a history as a statistically significant hotspot during the 

previous step time. Less than 90% of time step inter-

vals have become statistically significant cold spots. 

Sporadic Cold spot 
 

Cold spot location is on-again rather than off-again. 

Less than 90% of time step intervals become statisti-

cally significant cold spots, and no time step interval is 

a statistically significant hotspot. 

New Cold spot 
 

The location is a statistically significant cold spot for fi-

nal time step intervals and has never been a statisti-

cally significant cold spot before. 

Diminishing Cold 

spot  

Locations that become cold spots are statistically sig-

nificant during 90% of time step intervals, including fi-

No pattern detected

Intensifying Cold spot
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nificant during 90% of time step intervals, including fi-
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of time step intervals, including final time step intervals. The intensity of

low clustering amounts at each step time increases overall and is
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Persistent Cold spot
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Locations that become cold spots are statistically significant during 90%
of time step intervals in the absence of trends indicating an increase or

decrease in clustering intensity over time.

Oscillating Cold spot
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statistically significant hotspot during the previous step time. Less than
90% of time step intervals have become statistically significant cold spots.

Sporadic Cold spot
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step interval is a statistically significant hotspot.

New Cold spot
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The location is a statistically significant cold spot for final time step
intervals and has never been a statistically significant cold spot before.

Diminishing Cold spot
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Historical Cold spot
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