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Abstract. The Coronavirus that appeared in (COVID-19), caused by SARSCoV-2, started at Wuhan in the Hubei province
of China and has spread with great speed around the world; it has caused a severe health crisis all around the world,
including Indonesia. This study aims to use a clustering technique to assess the risk of the COVID-19 pandemic in
Indonesia, based on data obtained between March 2020 and July 2021 in that country (http://www.covidl9.go.id).
Provinces in Indonesia were grouped based on COVID-19 infection rates and mortality data. Since the data con-tained
some outliers, i.e. provinces with a very high number of cases, we used a robust clustering method; this method is sensitive
to outliers. The analysis was performed using the Trimmed k-means clustering method. Based on the results of this study,
with four provinces detected as outliers in the data, there were three optimal clusters with the maximum separation index.
Cluster 1 consisted of 14 provinces, and clusters 2 and 3 consisted of 10 and 6 provinces, respectively. The four outliers,
i.e. Jakarta, West Java, Central Java and East Java, formed a separate cluster.

INTRODUCTION

Indonesia's worldwide Covid 19 is due to intensive acute respiratory syndrome coronavirus 2 (SARSCov2). As of
July 23, 2021, Indonesia reported 3,082,410 cases off the coast of the Philippines, the highest in Southeast Asia.
Indonesia has killed 80,598 people and is ranked 0.33 in Asia and 15th in the world.

The corona virus pandemic has had a huge impact on Indonesia. Not only has it impacted the health sector, but it
also hit other sectors such as the economy, industry, education, social, and tourism [1-3]. There is not a single province
in Indonesia that was not affected by the coronavirus on a small or large scale. Various policies have been carried out
by the government to anticipate and minimize the im-pact of the pandemic. These include setting up a task force team
to accelerate the handling of COVID-19, enforcement a Large-Scale Social Restrictions (LSSR) in various regions,
purchasing medical equipment, upgrading a number of referral hospitals for Covid-19 patients, distributing social
assistance in the form of basic necessities and cash for people in need, exempting from electricity costs for certain
groups, and providing tax incentives for the industrial sector.

Indonesia is a country with a very large population. In fact, Indonesia ranks fourth in the world as the country with
the largest population after China, India and the United States. As an archipelagic country, Indonesia's population is
spread across various provinces in Indonesia. The population in each province is different and continues to change.
Large population growth and uneven distribution are a source of problems in Indonesia. This problem also applies
when it comes to handling Covid-19 [4]. The spread of Covid-19 in Indonesia was rapid and varied from region to
region. Due to the large area and large population in Indonesia, it is necessary to anticipate the transmission of the
Covid-19 virus quickly, one of the efforts undertaken was to study the data of the Covid-19 cases in 34 provinces in
Indonesia separately.
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Various studies on Covid-19 cases in Indonesia have been carried out by numerous authors to pro-vide good
statistical analysis for the government as a reference in policy making. Some of those studies were modelling the data
using a generalized linear model approach [5], forecasting using nonparamet-ric analysis [6], and classification using
cluster analysis [7-9]. Cluster analysis seems to be the most popular technique for analysing the Covid-19 data. The
technique is also predominately used for Covid-19 data analysis in worldwide countries; one can see [10—-14].

Cluster analysis can be divided into two types: hierarchical clustering and non-hierarchical clustering. The
difference between the two types lies in determining the number of clusters that will be generated. Hierarchical
clustering is used when the number of clusters required is unknown, and non-hierarchical clustering is used when the
number of clusters required is predetermined. If your data contains outliers, you need a robust way to avoid biased
analysis results due to the effects of the outliers. See [15] for more information. One of the robust methods of cluster
analysis is the trimmed A-means method. The advantage of the trimmed k-means method is its resistance to outliers
[16,17]. In addition, cluster analysis is slightly different from other multivariate methods. This method is usually
required by other multivariate methods and does not start with a particular data distribution. Cluster analysis is based
on the distance matrix, which is a measure of similarity, and the most commonly used measure is the Euclidean
distance. However, there is one assumption that must be made when using Euclidean distance for cluster analysis.
This means that all variables are uncorrelated and this assumption is often ignored, leading to suboptimal clustering
results. Principal component analysis (PCA) can be performed if the variables in the data are correlated. A cluster
analysis is then performed based on the principal component evaluation of the observed values. Readers are
encouraged to investigate the details of clustering analysis by PCA [18-20].

In this study, we conducted a cluster analysis of the Covid-19 data based on the number of con-firmed cases, death
cases, recovered cases and mortality to incidence ratio (MIR) from 34 provinces in Indonesia using the robust trimmed
k-means method and principal component scores to obtain a cluster map that was more optimal and efficient than the
k-means clustering. The results of the analysis could be used as an overview of the severity and level of risk of the
spread of Covid-19 in the provinces in Indone-sia using the clusters obtained.

MATERIALS AND METHODS

The data used in this study was collected from March 20, 2020 to July 23, 2021 by the Covid19 Accelerated Task
Force (Indonesian SATGAS) (https://covid19.go.id /). Published Indonesian Covid19 data. Three variables were
retrieved from the internet. NS. Number of confirmed Covid 19 recovery or deaths. Covid19's MIR was recorded to
indicate the severity of the disease. MIR as a substitute for survival was calculated by dividing the number of deaths
in each state by the cases identified in the same state and multiplying by 100. The range of MIR ranges from 0 to
100%, with 100% indicating the worst case in which all confirmed cases have died [10].

We present the summary of Covid-19 data from 34 provinces of Indonesia in Table 1. There are three variables in
the data that have significantly different mean and median values, i.e. confirmed, death and recovered cases; this
shows that the three variables have an asymmetric or skewed distribution. The asymmetry of the data can be caused
by the natural structure of the variable or it can also be caused by the existence of outliers. The MIR of the 34
provinces in in Indonesia on 23 July 2021 was 2.531%, this value decreased compared to the previous year but it is
known to be the highest among ASEAN countries.

TABLE 1. Summary of COVID-19 cases of 34 Province in Indonesia

Descriptive Statistics Confirmed Cases Death Cases Recovered Cases MIR
Minimum 7103 149 5930 0.897
1% Quartile 17790 314 13393 1.710
Median 31069 775 22580 2.250
Mean 90655 2363 71084 2.531
37 Quartile 73331 1706 57341 2.766
Maximum 778521 17512 678992 6.568
Standard deviation 164523.3 4292.167 136554.595 1.180

Clustering is a variety of techniques for finding a subset of observations in a dataset. When grouping observations,
the observations in the same group should be similar and the observations in different groups should be dissimilar.
Clustering allows you to identify which observations are similar and, in some cases, classify them within. The kmeans
algorithm is the simplest and most widely used clustering technique for dividing a dataset into sets of k groups,
including clustering analysis of Covid19 data [7,11,21-23]. This algorithm aims to minimize the collective square
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Euclidean distance between the observations and the centroid of the cluster to which they belong, but the kmeans
algorithm does not give the best results. Sensitive to outliers (that is, points that are different from other data points).
The outliers in the data will cause the results of cluster analysis to be inefficient. In this cases, a more robust method
is needed and is described below.

Trimmed k-means was introduced by [16]. Using this method, one is allowed to remove a certain proportion of the
possible outliers when grouping the results [24,25]; the proportion to be removed is the magnitude of the data rate to
be trimmed in this method. The trimmed k-means method is used to overcome the outliers contained in a cluster of
data to be grouped. The main concept of the trimmed kmeans method is to create a new k-cluster by removing or
trimming outliers in the data. This method belongs to the classic hierarchical clustering technique, a class of methods
based on "fair trimming" (determined by the data), which aims to make kmeans more robust. In addition, the
generalized k-mean method uses a penalty function @ to minimize the discrepancy between random variables (or
samples of those random variables) and the set of measured k points. It is based on [16].

Let a be contained in an open unit interval, i.e. a€(0,1), k a natural number, and @ a penalty function. For every
set 4 such that P(4) > 1-a and every k-set M ={ mi ,m>, ..., mi } in R” letus consider the variation about M given
A:

A 1 @ inf
Vo(M)=——~]® X—my| |dP 1
d0n= s To 2 eom] 0
The variation Vg (M) measures how well the set M represents the probability mass of P defined on 4, and our job
is to choose a set of given probability mass such that the variation is minimized. This is done by minimizing Vg (M)
on A4 and M in the following way:
1. obtain the k-variation given A, Vléq, (M), by minimizing over M:

Vlf,lcb M) = infMCRp,#Mik Vé (M) (2)
2. obtain the trimmed k-variation, Vj ¢ o, by minimizing over A4:
Viw,a = Vioa X) = Vi,w,a(Px) = ianeﬁp,P(A)zl—a Vl:,ld> 3)

We wish to obtain a trimmed set 4 if it exists, and a k-set My ={m?,m9, ... m%}, if it exists, using the condition
V® (Mo) = Vi, [16].

Principal Component Analysis (PCA) is a statistical multivariate technique that aims to reduce the dimensions of
the data to obtain new uncorrelated variables and retain most of the information contained in the original variables.
The resulting variable is a linear combination of the original variables and is called the principal component (PC). The
sum of the squares of the coefficients in the linear combination is equal to unity, and the PCs are orthogonal.

Let X = (Xi, X5, ... , X)) be a random vector of a multivariate Gaussian distribution with mean vector pu =
(W 1, ..., ) and covariance matrix £ and k& independent eigenvectors, a,, k = 1,2, ..., k. The principal component
then can be written as follows:

Y = A(X-u) )

where A is a p by p coefficient matrix that carries the p-element variable X into the n-element variable y. The
column vectors in A are eigenvectors X, i.e. A=[a1 | az| ... | ax]. The i-th principal component can be written as:

Vi = ayX; + Xy + o+ @ X = aj X (5)

The covariance matrix is very sensitive to the presence of outliers, which causes PCA problems if the data contains
outliers. To overcome this, robust principal component analysis is required. That is, we need to replace the classical
sample covariance matrix S with a robust estimator. Using robust covariance matrix estimation to calculate principal
components is equivalent to performing a robust PCA [26]. One of the robust estimators of the covariance matrix is
the minimum covariance determinant [26]. One of the robust estimators of the covariance matrix is the minimum
covariance determinant (MCD). The MCD estimator is a pair (Xcp> Sucp)> Where Xy cp is the mean vector and
SMCD is the covariance matrix that minimizes the determinant of the sample covariance matrix S in the subsample
containing exactly 2 members of n observations [27,28].

It is often necessary to validate the number of clusters obtained from the partitioning by using the cluster validity
index. The validity index is a method for evaluating the results of the clustering algorithm in order to get the best
number of clusters [29]. The validity index is calculated based on the following two criteria:

1. Compactness is the level of similarity of objects in the same cluster, and

2. Separation is the level of difference between objects in different clusters.

The silhouette analysis measures how well an observation is clustered, and it estimates the average distance
between clusters. It contains the average value of each point in the data set, more specifically, the calculation of the
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value of each point is the difference between the values of separation and compactness, divided by the maximum
between the two. The best number of clusters is indicated by the silhouette value which is as close to 1 as possible.
Suppose there are N points in a data set. There exist clusters, p and ¢, whereby x; is a point in cluster p and y; is a point
in cluster ¢, such that a,; is the average distance of point x; to each point in cluster p, and d,; is the average distance
of point x; to every point in cluster g. For each observation, i, the silhouette width s, is calculated as follows:
1. Calculate the average dissimilarity a,; between i and all other points of the cluster to which i belongs, as
follows:

@y = — X7, d(x, %) (6)

np
2. For all other clusters ¢, to which i does not belong, calculate the average dissimilarity d,; of i to all

observations of ¢, i.e. dg; = %2721 d(x;,y;). The smallest of these d; is defined as b,; = mind,; ,q =
q

1, ..., k. The value of bq,i can be understood as the dissimilarity between i and its “neighbor” cluster, i.e., the
nearest one to which it does not belong.
3. Finally, the silhouette width of the observation i, is defined by the formula:

(bg,i—ap,i)
Sy = L= p#q (7)

The silhouette width can be interpreted as follows:

Sx;~0, means that the observation is well grouped.

Sy, <0, means that the observation has been placed in the wrong cluster.

Sx; =0, means that the observation is between two clusters.

The average silhouette width is then given by:

SIL=~%N sy, ®)
Observations with a large s_(x_1i), almost 1, are well clustered. For a maximum value of the average silhouette,
SIL, the optimal clustering is obtained [30].

RESULTS

We performed a robust cluster analysis using the trimmed k-means method to the data by firstly addressing
correlated variables and outliers using robust principal component analysis. Then, we used the robust principal
component score for cluster analysis using the trimmed k-means method.

Outliers Detection

In this study, the method used to detect outliers is the Mahalanobis squared distance method where the i-th
observation is identified as an outlier if dZ, (i) > )(;‘1_“. Based on this case, there are 4 variables studied, and we
used a = 5%. Therefore, we have x; = 4.(1 — 0.05) = 9.488. Outliers are defined by comparing the results of the
Mahalanobis squared distance of each object with the value of )(2’0’95; as a result, 4 outlier provinces are found, namely
DKI Jakarta, West Java, Central Java, and East Java. The quantile-quantile (Q-Q) plot of the chi-square of the data is
presented in Fig. 1. The result of the outlier detection is also confirmed by the panel plot of each pair between variables
as shown in Fig. 2.
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FIGURE 2. Pair panels plot of Covid-19 Data in Indonesia

The four provinces identified as outliers with their attribute presented in Table 2. The data in the ta-ble show that
DKI Jakarta had the highest confirmed cases, while East Java had the lowest confirmed cases. However, the MIR of
East Java was the highest among the four provinces.

TABLE 2. List of outliers in the Covid-19 Data in Indonesia

Province Confirmed Cases Death Cases Recovered Cases MIR

DKI Jakarta 778521 11131 678992 1.430
West Java 556181 7917 421977 1.423
Central Java 343210 16195 267511 4.719
East Java 266638 17512 194233 6.568

The correlation coefficients between variables in the data are shown in Table 3. It can be seen that there were
correlations between variables, with the maximum value is the correlation between the con-firmed cases and the
recovered cases, i.e. 0.997. Some other correlation coefficients were moderate, with the values between 0.53 and
0.76.
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TABLE 3. Correlation matrix between variables

Confirmed Cases Death Cases Recovered Cases MIR

Confirmed Cases 1.000 0.758 0.997 0.036
Death Cases 0.758 1.000 0.732 0.533
Recovered Cases 0.997 0.732 1.000 0.015
MIR 0.015 0.533 0.015 1.000

Robust Cluster Analysis using Robust Principal Scores

A robust PCA using MCD estimator was performed to obtain new uncorrelated variables from the data containing
outliers. The coefficients of the linear combinations of each PC are shows in Table 4.

TABLE 4. Robust Principal Component Coefficients

Variables PC1 PC2 PC3 PC4

Confirmed Cases -0.561 -0.253 -0.099 0.781
Death Casess -0.571 0.153 -0.671 -0.446
Recovered Cases -0.558 -0.257 0.681 -0.398
MIR -0.215 0.920 0.274 0.179

The trimmed k-means clustering was done using all principal components to retain all the information in the data.
We conducted o-trimmed k-means clustering with 0=0.1 and the number of clusters k£ = 2,3,4,5,6,7, and 8. Using
0=0.1 means that 10% of the trimmed data are observations that were not part of the cluster that was formed. The
optimal clustering was then selected based on the validation indices resulting from each of the & clusters. The
comparison of the average silhouette indexes of all &k can be seen through their plots in Fig. 3.

In Fig. 3, it can be seen that the average silhouette index reached the maximum value at £=3 with the value equals
0.54; this means that the optimal cluster number for the data was A=3.
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FIGURE 3. Plot of average silhouette index for =2, ..., 8

The three clusters resulting from the trimmed k-means clustering in Fig. 4 are Cluster 1, Cluster 2 and Cluster 3
(the other cluster in the figure, i.e. Cluster 0, is containing the four provinces detected as outliers; they will be analyzed
further). Since the silhouette width of the observations in each cluster are positif (s,, > 0), then all observations in the

three clusters are well grouped. Based on the silhouette index, the optimal number of clusters for the o-trimmed
clustering (i.e. the data excluding 4 outliers) is &=3. Nevertheless, this result is in accordance with the separation index
as shown in Figure 4. The result of the trimmed k-means clustering is shown in Fig. 5.
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Combining the outlying clusters with the three clusters of trimmed k-means clustering, we have 4 clusters, the
member of each clusters are presented in Table 5 and grapically in Fig. 6.
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TABLE 5. Members of Cluster
Cluster Cluster size Province

North Sumatera, South Sumatera, Lampung, Riau Island, Bali,
West Nusa Tenggara, West Kalimantan, South Kalimantan,
North Kalimantan, Central Sulawesi, South East Sulawesi,
West Sulawesi, Maluku Utara, Papua

Aceh, Jambi, Bengkulu, Bangka Belitung Island, East Nusa

2 10 Tenggara, Central Kalimantan, North Sulawesi, Gorontalo,
Maluku, West Papua

West Sumatera, Riau, Banten, DI Yogyakarta,

East Kalimantan, South Sulawesi

outliers 4 DKI Jakarta, West Java, Central Java, and East Java

1 14

3 6

COVID-19 DISTRIBUTION MAP IN INDONESIA

Cluster: Data Source:
N 1:18,500,000 I Cluster 1 The Ministry of Health,
W*E [ Cluster2 Republic of Indonesia
- ee— s Kilometers
S 0 13260 520 780 1,040 ] cluster 3
I outliers

FIGURE 6. Covid-19 cluster result map in Indonesia between March 2020 and July 2021

To find out the characteristics of each cluster, it was necessary to do further analysis on each cluster by calculating
the cluster centroid i.e. the mean value of each variable of the observations in the cluster (X ()k)- Furthermore, these
values are compared to the robust centroid of the entire data (ft(y)) as shown in Table 6. If X Ok < Hx), Wherexis
the clustering variables, then it could be interpreted that the mean value of the variables in the cluster was “low”, on
the one hand. On the other hand, if X, = H(x), then the mean value of the variables in the cluster could be
interpreted as “high” and “very high” if X (k = H(x) of the 3 clusters. The result is shown in Table 7.
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TABLE 6. Cluster Centroid

Cluster Confirmed Cases Death Cases Recovered Cases MIR

1 28708.8 787.9 21238.2 2.58

2 20519.3 453.7 15341.4 2.24

3 88434.7 2004.8 67230.7 2.24

Outliers 371262.6 14269.5 341566.9 3.54

Data (u() 26391.3 648.9 20053.9 2.40
Cluster Confirmed Cases Death Cases Recovered Cases MIR
1 High High High High
2 Low Low Low Low
3 High High High Low

Outliers Very High Very High Very High Very High

DISCUSSION

The results of data clustering on Covid19 in Indonesia from March 2020 to July 2021 show that the pandemic
spread caused by coronavirus 2 (SARSCov2) varies from state to state. Of the 34 provinces in Indonesia, 4 provinces,
DKI Jakarta, West Java, Central Java and East Java, have been found to have much higher deaths, recovery cases and
MIRs than other provinces. Four states based on Mahalanobis distance squares are recognized as outliers. A trimmed
kmeans clustering technique was used to solve this problem. This method can isolate outliers in the data and provide
the best cluster. In the Indonesian Covid 19 pandemic data, the trimmed kmeans clustering technique formed three
clusters based on the maximum isolation index. Cluster 1 consisted of 14 states, and clusters 2 and 3 consisted of 10
and 6, respectively. On the one hand, the outlier states DKI Jakarta, West Java, Central Java and East Java formed
separate clusters outside the above three clusters. These results are consistent with preceded studies that have reported
the trimmed k-means clustering method was robust to outliers [16,17,24,25].Similar results were obtained by [31] who
studied a trimmed clustering Based /;-Principal Component Analysis Model for Image Classification and Clustering
Problems with Outliers. They showed that the trimming clustering method worked well in dealing with outliers.

For future work, we shall study whether the trimmed k-means method can overcome outliers in high dimensional
data.

CONCLUSION

The three optimal clusters of the Covid 19 pandemic in Indonesia were discovered between March 2020 and July
2021 based on the maximum isolation index using the trimmed k-means clustering method. Cluster 1 consisted of 14
states, and clusters 2 and 3 consisted of 10 and 6, respectively. On the other hand, the four states of DKI Jakarta, West
Java, Central Java and East Java were outliers and formed separate clusters outside the above three clusters. This
indicates that the four states had more confirmed cases, recovered mortality, and higher mortality (MIR) than the other
states in Indonesia. Researchers studying cluster analysis with outlier data are advised to use the kmeans trim
clustering method instead of the k-means method.
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