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Abstract: Ever since the COVID-19 pandemic started in Wuhan, China, much
research work has been focusing on the clinical aspect of SARS-CoV-2.
Researchers have been leveraging on various Artificial Intelligence techniques
as an alternative to medical approach in understanding the virus. Limited studies have, however, reported on COVID-19 transmission pattern analysis, and
using geography features for prediction of potential outbreak sites. Predicting
the next most probable outbreak site is crucial, particularly for optimizing the
planning of medical personnel and supply resources. To tackle the challenge,
this work proposed distance-based similarity measures to predict the next most
probable outbreak site together with its magnitude, when would the outbreak
likely to happen and the duration of the outbreak. The work began with
preprocessing of 1365 patient records from six districts in the most populated
state named Selangor in Malaysia. The dataset was then aggregated with
population density information and human elicited geography features that
might promote the transmission of COVID-19. Empirical findings indicated
that the proposed unified decision-making approach outperformed individual
distance metric in predicting the total cases, next outbreak location, and the
time interval between start dates of two similar sites. Such findings provided
valuable insights for policymakers to perform Active Case Detection.
Keywords: COVID-19; geospatial analytics; active case detection

1 Introduction
The world is currently experiencing COVID-19 pandemic, which had started at Wuhan, China
in December 2019. Despite the reduction in daily confirmed cases in China, outside of China has
shown a drastic increase in daily confirmed cases. Countries like the United States, Brazil, and
India recorded a daily increase of more than 10000 confirmed cases [1].
In South-East Asia, Malaysia had experienced its first three COVID-19 confirmed cases on
25 January 2020 [2]. Subsequent cases were reported, and many of them were imported cases,
including those from China and the United States [3]. In late February, the number of COVID-19
confirmed cases increased when there were Malaysians who travelled back from China during that
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time. In March 2020, the Tabligh event that had involved almost 12000 participants was then
resorted to the high daily growth rate in Malaysia, particularly in the state of Selangor [4]. Due to
the exponential growth in confirmed cases, Movement Control Order (MCO) was introduced on
18 March 2020, which was later extended to its 2nd phase on 1 April 2020 and 3rd phase on
15 April 2020 and subsequently entered into its 4th phase of MCO which ends on 12 May
2020 [5]. Currently, Malaysia is in its Recovery MCO (RMCO) until 31 August 2020. During the
two MCOs, both the federal and state governments have implemented various interventions to
prevent a further outbreak by identifying close contacts and conducting mass testing for Active
Case Detection (ACD). MCO is a measure to keep the healthcare system from being overwhelmed
by “flattening the curve” [6] and to minimize the negative impact to all economic sectors caused
by the prolong MCO. One of the many approaches initiated by the Selangor state government
was to deploy geospatial analytics to identify the next most probable areas with an outbreak and
estimate the magnitudes.
Geospatial analytics has been employed to tackle challenges in site selection for various business domains. This has included the retail business [7–12], real-estate [13], public safety [14], disaster monitoring and prevention [12], government [14], planetary [15], agriculture [16], and renewal
energy [17,18]. Researchers have employed different machine learning methods in geospatial analytics. One of the most common methods that incorporate human knowledge is through Analytical
Hierarchical Technique [18–22]. Other researchers employed Decision Support Systems [23] and
Fuzzy Logic [24].
Researchers have recently attempted Geographic Information Systems (GIS) for tackling
challenges related to COVID-19 and utilization of Big Data to provide insights in decisionmaking [25–27]. Another recent study by Mollalo and colleagues highlighted the use of GIS in
modelling the incident and spread of COVID19 in the United States [28]. The utilization of GIS
has also been reported in Iran, where epidemiological maps of cases were developed to monitor
the incident locations and rates. In Malaysia, geospatial analytics has been deployed for Active
Case Detection (ACD) in late April 2020 in Selangor, Malaysia. However, successful ACD requires
tackling the following challenges:
(i) how to identify the next most probable outbreak sites (i.e., residential areas)?
(ii) how to estimate the magnitude of COVID-19 cases for a particular site (i.e.,
residential area)?
(iii) what is the time interval between the current and the subsequent case, given two similar
sites (i.e., residential area)?
In this paper, the discussion has focused on COVID-19 outbreak that happened at a residential area, and therefore the “site” refers residential area. Tackling the above challenges began
with gathering, preprocessing and transformation of raw datasets (see Section 3) into an analytical
dataset (see Section 4.1) before different distance metrics can be applied. A detailed discussion about the raw datasets and their transformation can be found in Section 4. In Section 5,
findings of different distance metrics together with their comparison with the proposed unified
decision-making mechanism will be reported.
2 Distance Measure Metrics
A similarity or dissimilarity measure is a real-valued function that quantifies the similarity
between two items, which in this context refer to records in a database. There are various similarity
measure techniques proposed by researchers [29], and they can be categorized into (i) distance-
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based similarity measure, (ii) feature-based similarity measure, and (iii) probabilistic similarity
measure. Among the three techniques, the distance-based similarity measure metric remains most
commonly applied in both the academic and commercial settings. A proper distance requires a
function d to follow the following properties:
(i)
(ii)
(iii)
(iv)

positivity: d(x, y) ≥ 0
symmetry: d(x, y) = d(y, x)
identity-discerning: d(x, y) = 0, ∴ x = y
triangle inequality: d(x, z) ≤ d(x, y) + d(y, z)

The commonly applied point-based distance measures are the Euclidean distance, City Block
distance, and Bray Curtis [30]. Both Euclidean distance and City Block are a special case of the
Minkowski family [31–34]. The Minkowski distance can be defined by
1/m
 n

m
dminkowski =
|xi − yi |
, m≥1
(1)
i=1

where m is a positive real number while xi and yi are two vectors in n-dimension space. By
instantiating m = 1, Eq. (1) is modified to take new form as shown below, and it is known as the
City Block distance (also referred to as the Manhattan distance). The distance between two items is
the sum of the differences of their corresponding components. The City Block distance fulfils the
positivity property in which it is always greater than or equal to zero, as well as identity-discerning
property where the measurement would be high for points that show dissimilarity and zero for
identical points.
dcityblock =

n


|xi − yi |

(2)

i=1

When Eq. (1) is instantiated by m = 2, the Euclidean distance can then be defined by
 n
1/2

deuclidean =
|xi − yi |2

(3)

i=1

Euclidean inherited the characteristics of Minkowski, and therefore with the existence of largescale continuous values, the large-scale attributes would dominate the others [35–37]. To overcome
such challenges, researchers introduced normalization of continuous features as a solution to the
issue [36]. By introducing the coefficient 1/2 the output of Euclidean distance is scaled down
(normalized) so that a comparison between two points can be accurately presented. Researchers
had proposed an improved version of Euclidean distance such as the Weighted Euclidean [38]. It
is employed to overcome the large-scale attribute issue by the Euclidean distance (Eq. 2), which
incorporates feature weights w1 , w2 , w3 , . . . , wn on each dimension. While having different weights
is crucial, redundant weight assignment could dominate the similarity between data points [39].
Due to incomplete information about influence of geography characteristics towards COVID-19,
this study firstly normalized the continuous data before applying Euclidean distance metric.
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Bray Curtis distance measure [30] quantifies the difference between two samples. The dissimilarity is computed on the raw sum of each sample and the sum of differences between the features
of each sample. Similarity can be obtained if the distance or dissimilarity is subtracted by 100.

|xi − xj |
dbraycurtis = 
(4)
|xi + xj |
In this study, only point-based distance metrics were considered. This is because the number
of variables that formed the analytical dataset is fixed, and the distance (magnitude) between two
points is crucial for prediction work to addresses the challenges successfully.
3 Raw Dataset
This section begins with a discussion about the raw datasets and the relevant transformation process to form an analytical dataset. Subsequently, the discussion will be centred around
the implementation of different distance metrics onto the analytical dataset to answer the
research questions.
Tab. 1 shows the different datasets used in this research work. The first dataset, De , consists
of 1365 patient addresses, with many of them incomplete addresses [40]. The second dataset, Dpop ,
consists of raw population density about children under five, elderly over 60, men, woman, women of
reproductive age, and youth [41]. Preprocessing on the raw dataset was needed because the dataset
provides only population density estimation at the level of individual latitude and longitude. In
this study, the population density was calculated using 500 m radius for each patient location.
Table 1: Dataset information
Dataset

Description

Patient address (De )

A list of 1365 patient addresses. Many of the
addresses are incomplete
Population density for children under five, elderly
over 60, men, woman, women of reproductive
age, youth
A list of residential areas in the state of Selangor,
totalling up to 3374 residential areas as of
2019-10-01.
A list of 22 categories of point of interest relevant
to COVID-19 as suggested by epidemiologists
Daily COVID-19 confirmed cases from 2020-02-03
to 2020-04-23

Population density (Dpop )

Residential area (Dres )

Point of interest (Dpoi )
Daily cases (Dcase )

Source
[40]
[41]

[42,43]

[44]
[40]

The third dataset, Dres , consists of 3374 residential areas in the Selangor state. It originated
from the Valuation and Property Services Department Malaysia [42] and has been digitized by
Brickz.my [43]. The purpose is to detect the names and types of residential area the patients live.
The fourth dataset, Dpoi , comprises most of the points of interest(POI) in the Selangor state.
The dataset was subscribed from Telekom Malaysia [44], and it has 116402 POI grouped into
1116 categories. Examples of POI are Burger King, KFC, McDonald, Ace Hardware, Starbucks, Ikea,
Parkson, and many more. In the dataset, each point of interest is tagged to a particular category.
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Examples of the category are Food & Beverages, Convenient Store, Wet Market, Hardware Store,
Hypermarket, and many more.
Dcase contains daily COVID-19 confirmed cases in Selangor from 2020-03-03 to 2020-0423. The daily cases were transformed into weekly cumulative cases to reflect the SARS-CoV-2
virus incubation period of 5.6 to 7.7 days at 95% CI [45]. Therefore, a 7-day monitoring period
is proposed.
4 Method
The raw dataset discussed in Section 3 does not allow distance metrics to be applied directly
as well as addressing the research challenges. Therefore, preprocessing and transformation are
prerequisite to constructing an analytical dataset that fits the distance metrics. The subsections
below aim to provide a high-level process from the construction of analytical dataset to proposal
of distance metric utilization. The final subsection highlight the proposal of a unified modelling
approach to avoid bias in a recommendation when relying merely on one distance metric.
4.1 Construction of Analytical Dataset
A well-designed data structure for the analytical dataset can lead to success in addressing
the research challenges. However, identifying the right variables for the analytical dataset is a
non-trivial task. One of the difficulty is to identify the right points of interest (POI) and their
categories. In this study, two epidemiologists had been consulted to identify POI categories that
are likely to affect COVID-19 transmission. The categories are Agriculture-based trading companies, ATM, Bazaar, Convenient Shop, F&B, Government Health Center, Hardware shops, Higher
Education Institution, Hypermarket, Islamic School, Medical Services, Mini Market, Pharmacy, Shop,
Shopping Complex, Supermarket, Toll, Trading Food, Transport, 24-Hour Shores, Wet Market, and
Whole Sale Market. In total, 22 categories were identified to be included as part of the analytical
dataset (D22
poi ).
Table 2: Analytical dataset with partial features
Patient
address

Elderly
over 60

Children
under 5

...

Start
date

Convenient Place of
store
worship

...

Week_1
cases

LocA
LocB
...

321
398
...

470
550
...

...
...
...

01/3/20
15/3/20
...

6
11
...

...
...
...

4
5
...

3
4
...

...
...
...

Apart from the subsetted POI dataset (D22 poi), the analytical dataset, Danalytics , was formed
by aggregating De , Dpop , Dres , and Dcase . The columns in Tab. 2 are formed by concatenating all
the variables from the datasets. The final analytical dataset consists of 111 variables and captures
mostly numerical values except for the columns “Residential Area” and “Start Date.” Tab. 2 shows
the partial analytical dataset with each record representing a patient’s details. The first record in
Tab. 2 for instance, there is a patient who lives in LocA and within 500 m there are 321 elderly
people with age more than 60, six convenient stores, and three places of worship. The first case
at LocA was reported on 1 March 2020. The second record in the table shows a patient who lives
at LocB , which is having higher population density and more POI as compared to LocA . The first
case reported at LocB was 15 March 2020, which is two weeks after LocA had its first case. In
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this study, place of worship is one of the crucial variable because in Selangor, a major COVID-19
outbreak happened after the Tabligh event ended in middle of March 2020 [4].
4.2 Measuring the Similarity Between Sites
The construction of analytical dataset has led to the design of algorithms that utilizes the
distance metrics to tackle the research questions. There are two algorithms designed, with the
first identifying top-3 most similar locations to a location of interest. The second algorithm
estimates the time interval and total cases for the next most probable locations with at least one
COVID-19 case.

Algorithm 1 was proposed to tackle the first research challenge in which it predicts the next
most prob-able location with at least a confirmed case. The input to the algorithm is the analytical
dataset, Danalytics , the distance metrics where metric ∈ {Euclidean, City Block, Bray Curtis}, and a
location of interest L. As shown in the algorithm, the location of interest is measured against
L
all locations in the analytical dataset to elicit its respective similarity scores (Smetric
). This can
be performed via the function metric—Similarity—Loc( ). The output of the algorithm is a
top3(L)

dataset, Dmetric , which contains locations with the three highest similarity scores for L.

top3(L)

The output of Algorithm 1, Dmetric , is fed into Algorithm 2 to estimate the mean duration
for L to observe its first case. This is performed through the function dayDiff-mean( ) which
calculates the mean of time interval for L’s similar locations that had demonstrated at least one
case. The algorithm also estimates of mean total cases through the function case-mean( ).
4.3 Decision-Making Strategy
The three different distance metrics produce different distance scores and the top-3 locations.
Relying solely on one distance metric for decision-making can be risky and bias. Therefore, this
study proposed a unified approach to decision-making by calculating the mean value from the
output of the three different distance metrics. The high-level process flow is shown in Fig. 1, while
the detailed steps are shown in Algorithm 3.
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Figure 1: Decision-making strategy

Algorithm 3 discusses the procedure to aggregate the scores are given by different distancebased similarity measure techniques. To normalize the bias inherent within the metrics, innerjoin was performed on the output of Algorithm 1 generated using different metrics. The
aggregated dataset was then fed into two functions, namely calc-caseCount-mean( ) and
L ) and the day
calc-dayDiff-mean( ) to produce the final prediction on the total cases (Cfinal
interval for that particular location of interest to have its first case (tL
final ).
5 Empirical Findings
5.1 Statistical Overview of Dataset
This section begins with a statistical overview of the dataset used in this study. Histograms are
generated based on the following criteria: (i) sites (i.e., residential areas) and total cases, (ii) day
interval between the first and last case of a site, (iii) day difference for start dates of two similar
site, (iv) average similarity score between a site and its three most similar sites.
Fig. 2 shows that most of the residential areas in the Selangor state had experienced 5 cases
and below, totalling up to 458 locations. There were 24 residential areas with cases between 5 and
10. There was only one location with more than 25 cases.
As shown in Fig. 3, there were 336 resident areas had their first and last cases within an
interval of 5 days. From the raw dataset, most of the residential areas had either 1 or 2 cases only
within 5 days period. Those residential areas that had more than 15 days interval contributed to
10.15% of the total residential areas.
The graph above shows the average distance scores between any one residential area and its
top-3 similar ones (Fig. 4). When calculated via Euclidean distance, most of the residential areas
depicted the distance less than 0.5, indicating that there are common characteristics among the
residential areas in the Selangor state. To be specific, there are 77.1% of residential areas with
average distance scores less than 0.5.
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Figure 2: Residential areas with different number of cases

Figure 3: Day intervals between the first and last case
Fig. 5 shows the distribution of duration between the start dates of two residential areas. It
was found that in average the time interval between any two similar residential areas was 12 days.
In other words, for any two similar residential areas, the latter residential area will likely to observe
a case after a case was observed a area similar to it. However, low possibility could be observed
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for any two similar residential area to have a large time interval. This is shown in the figure that
only one location with a time interval of more than 60 days.

Figure 4: Average distance score between a residential area with its top-3 similar areas

Figure 5: Average duration between 2 start dates
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5.2 Performance of Distance Metrics
5.2.1 Prediction of Total Cases
In this study, a total of 532 records were used for evaluation of the performance of the
top3(L)

three distance metrics. These records were selected because they appeared in Deu

top3(L)

, Dbc

,

top3(L)
.
Dcb

The predicted total cases were benchmarked against the actual total cases, and the
and
evaluation metrics are Mean Absolute Error (MAE), Mean Square Error (MSE), and Root Mean
Square Error (RMSE). As shown in Tab. 3, the results showed that Euclidean outperformed Bray
Curtis and City Block in predicting the total case using MAE, however, the Unified Modeling
approach outperformed the rest when MSE and RMSE were used.
Table 3: Total case prediction by three difference evaluation metrics and proposed a unified
decision-making approach

Euclidean
Bray curtis
City Block
Unified decision-making

MAE

MSE

RMSE

6.7105
7.1390
6.8872
6.7431

74.3157
77.7706
81.8571
71.0797

8.6206
8.8187
9.0474
8.4308

5.2.2 Outbreak Duration Prediction
Tab. 4 shows the prediction of duration between the first and last case in a particular
residential area.
Comparing among the three distance measure techniques, Euclidean outperformed Bray Curtis
and City Block for all three evaluation metrics. Comparing to the prediction of total cases,
the Unified Modeling approach consistently depicted the lowest error rates in the prediction of
duration between the first and last case when MAE, MSE, and RMSE was used.
Table 4: Prediction of outbreak duration
Euclidean
Bray Curtis
City block
Unified decision-making

MAE

MSE

RMSE

5.1303
5.1478
5.1234
5.0490

54.9494
56.6946
63.2988
54.5591

7.4127
7.5295
7.9560
7.3864

Table 5: Difference in two start dates
Euclidean
Bray Curtis
City block
Unified decision-making

MAE

MSE

RMSE

5.5344
5.5764
5.6347
5.3842

46.3068
46.9360
49.5900
43.4475

6.8049
6.8509
7.0420
6.5914
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5.2.3 Day Interval Between Start Dates of Two Similar Sites
One of the challenges in this research work was to predict the duration between the start
dates of two similar residential areas. This would allow medical resources to be planned and
optimized in the event that a COVID-19 patient is detected at a particular residential area.
The proposed algorithms were able to predict the day intervals between a former and a latter
residential area. Based on the experiment findings shown in Tab. 5, the Unified Decision-Making
approach, had again, outperformed Bray Curtis, Euclidean, and City Block with 5.3842, 43.4475,
and 6.5914, respectively.
6 Conclusion
Although there has not been a conclusive study of the SARS-CoV-2 virus that is causing the
COVID19 pandemic now, it has generally been characterized by having high infectious rate and
having varying incubation period. More worrying is when there are patients that are reported to be
asymptomatic. Such characteristics have together explained the rapid development of an epidemic
in Malaysia and worldwide. While waiting for the vaccine to be developed, one of the solutions
to minimize outbreak is via active monitoring and mass screening. Performing mass screening
can be taxing in both human and medical resources. A possible solution to the challenge is by
deploying geospatial analytics. The research work presented in this paper attempt to answer the
following questions: (i) how to identify the site (residential areas) where COVID-19 cases may
appear next? (ii) what is the estimate of COVID-19 cases for that new residential area? (iii) what
is the time interval before a COVID-19 case is observed at a similar residential area? Answering
the questions require relevant datasets. Four different datasets were identified, and they are the
patient addresses, population density, residential areas, daily cases, and point of interest. These
datasets were transformed into an analytical dataset before feeding into distance-based similarity
measure metrics.
In this study, three distance-based similarity measures had been employed in this study
to measure the distance (a.k.a similarity) between two records. The distance metrics used are
Euclidean distance, City Block distance, and Bray Curtis distance. Rather than relying on the results
elicited by one distance metric, an unified modelling approach, which takes the average of 3
output, was proposed. The empirical findings suggested that the unified modelling approach is a
promising approach to tackle the challenges listed above. The proposed approach outperformed
any single distance metric such as Euclidean, City Block, and Bray Curtis in almost all the
evaluation metrics, which have included the MAE, MSE, and RMSE. It is therefore suggesting
that the Unified Decision-Making approach to similarity measures can be a solution to effective
monitoring and proactive intervention.
The work can be extended to three perspectives. First is to deploy other types of distance
metrics such as cosine distance, average distance, and weighted Euclidean. Second, the study could
deploy machine learning approach such as classification and clustering to predict the total case
and duration of an outbreak at a particular zone. Third, this research work has listed 22 categories
of Point of Interest relevant to COVID-19 transmission. Further work could be done to rank the
categories according to their importance towards influencing COVID-19 transmission.
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