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Abstract

:

The purpose of this research is to classify time-series data on the number of daily COVID-19 cases based on the dynamics. This research aims to evaluate the effectiveness of community activity restrictions in suppressing the number of new cases of COVID-19 in cities and regencies in West Java. We performed time-series clustering on daily positive case data for COVID-19 in 27 cities and regencies in West Java Province, Indonesia for this study. The k-medoids clustering algorithm was used for clustering, with shape-based lock step measures, specifically, the cross correlation-based distance. We used daily new infected cases data for COVID-19 in 27 cities and regencies in West Java Province during the worst situation. We used data from 1 July 2021 to 31 September 2021 and from 1 January 2022 to 31 May 2022, during the Emergency Community Activity Restriction period (PPKM). According to our findings, the optimal number of clusters that could be formed from the data we had was 4 clusters for the first period and 2 clusters for the second period, with silhouette value of 0.2633 and 0.6363, respectively. For the first period, we discovered that PPKM was successful in clusters 1 and 2, namely in 25 cities/districts in West Java, except for Bogor and Depok, while for the second period, we found PPKM to be effective in reducing the number of COVID-19 cases throughout cities and regencies in West Java. This shows there is an improvement from the implementation of PPKM in the first period. We also found that the cluster that was formed was not only influenced by the effectiveness of the PPKM, but also by geography. The closer a city is to a hotspot region for the spread of COVID-19, the earlier the increase in the number of new COVID-19 cases will occur.
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1. Introduction


COVID-19 was verified to have been first seen on 2 March 2020, in Indonesia. At the time, two persons had been exposed to COVID-19 through interaction with Japanese residents. This was discovered when a Japanese citizen was diagnosed with the coronavirus after leaving Indonesia and landing in West Java [1]. Since the virus’s first appearance, the number of COVID-19 cases in Indonesia has steadily increased, with 6,054,973 persons affected as of 31 May 2021 [2]. According to the Worldometer, Indonesia is ranked 14th in the world and 4th in Asia for COVID-19 positive cases [3]. West Java is one of Indonesia’s provinces. According to the 2020 population census, West Java has the greatest population in Indonesia, totaling 48,274,162 persons [4]. West Java, being the province with the highest population, is one of the provinces that provide a significant portion of the total number of COVID-19 cases in Indonesia. West Java reported that there have been 1,107,911 confirmed cases of COVID-19 as of 31 October 2021 [5], with a total of 216 active cases.



Figure 1 shows the dynamic of the COVID-19 daily new case in West Java from March 2020 to May 2022. According to Figure 1, the worst of the COVID-19 outbreak in West Java happened between February and March of 2022. At the time, the number of daily COVID-19 cases in West Java Province reached 16,251 cases per day, on 17 February 2022; this kind of significant increase in daily COVID-19 cases happened twice in West Java. Previously, it happened between July and August of 2021. At the time, the number of daily COVID-19 cases in West Java Province reached 11,101 cases per day on 13 July 2021. The government introduced emergency PPKM on 3–25 July 2021, followed by PPKM 4 levels on 26 July–2 August 2021 [6], to reduce the number of daily instances of COVID-19, which climbed rapidly in the period July–August 2021. However, assessing the success of this intervention would be difficult without an analysis that describes how the COVID-19 pandemic will behave. The COVID-19 pandemic has wreaked havoc on infrastructure, the economy, and, most crucially, human lives. Furthermore, the impact of policies implemented may differ in each city and district in West Java Province, depending on how the community views it, the number of first instances when the intervention is implemented, and so on. As a result, it is crucial to conduct a study of the impact of policies enacted by West Java’s cities and regencies. This may be accomplished by grouping cities and regencies with comparable dynamics of daily COVID-19 instances. Cluster analysis can be used to do this.



Cluster analysis is a technique for identifying groups in a data collection in order to gather data in one group that is relatively similar to other groups while having apparent distinctions. Cluster analysis may be applied to time series data, which has somewhat different grouping techniques and algorithms than cross-sectional data. Clustering on time-series data is commonly used to uncover intriguing patterns in a collection of time-series data [7,8]. The clustering of time-series data is classified into two categories: The first group is used to detect patterns that emerge often in the dataset [9]. The second group is a strategy for detecting patterns that appear unexpectedly in a data collection, or patterns that are significantly different from other data in the same dataset [10]. There have been several studies regarding cluster analysis on COVID-19 data.



In 2020, Zarikas et al. [11] conducted time-series clustering on data on COVID-19 cases with country data. Hierarchical analysis was used with the Euclidean distance measure. The variables used are active cases, active cases per population, and active cases per population and per area. Zarikas et al. found that the surface area of each country is a parameter influencing the criticality of the situation, i.e., geography matters. Later in the same year in 2020, Alvarez et al. [12] proposed a clustering method for identifying groups of countries with a similar spread of the coronavirus. The variable of interest is the number of daily infections per country. The method used is a non-parametric method, namely Hierarchical Trees (HT) and the Minimum Spanning Trees (MST). Alvarez et al. found that there were groups of countries with differentiated contagion dynamics, both in the number of contagions and at the time of the greatest transmission of the disease. It is concluded that the actions taken by the countries, the speed at which they were taken, and the number of tests carried out may explain part of the differences in the dynamics of contagion. Abdullah et al. [13] in 2021 conducted a study on time series clustering on Indonesian COVID-19 case data. He used confirmed, death, and recovered cases data of COVID-19 provinces in Indonesia, with the method utilized being K-means clustering. Abdullah et al. found that there were three provincial clusters in Indonesia based on the spread of COVID-19 that occurred. Elsi et al. [14] in 2020 conducted a mapping of Indonesia’s national food security during the COVID-19 pandemic. The method used was K-medoids clustering with the variable of interest, monthly per capita expenditure in urban and rural areas by province, and groups of goods consisting of 33 data records (2011–2018). Elsi et al. found that 42% of Indonesia still has low food security as evidenced by the fulfillment of higher food needs than non-food.



Based on our literature review, we did not find any time-series clustering that specifically discusses the effectiveness of policies taken in an area. Generally, research on time-series clustering in COVID-19 only pays attention to location and compares the dynamics of cases between regions. To evaluate the containment policy for the spread of COVID-19, containment policy needs to be carried out simultaneously between regions, and the type of containment policy used in each area is relatively similar. Moreover, this requires special attention to the type of distance measures used in the clustering process.



In this study, we propose a method to evaluate the effectiveness of COVID-19 containment policies applied to an area. We propose a clustering method using shape-based lock-step distance measures, namely cross-correlation. Cross-correlation is a measure of distance that shows the similarity between datasets. This makes the similarity between time-series data in one cluster maximum and minimizes the similarity between different clusters. In addition, the nature of cross-correlation-based distance, which is a lock-step distance measure, makes the clustering carried out to compare the raw values of the data at the same time frame. The novelty of this research is the usage of shape-based lock-step distance measures in the clustering process. In the context of evaluating policies on handling COVID-19, our proposed method provides a series of clusters that are generated from data on COVID-19 new cases, on the exact date of the case of the same incident across different places. Thus, the resulting cluster can be more accurate in describing the development of COVID-19 cases in each formed cluster because the comparisons were made on the same date for each region.



This study aims to evaluate the effectiveness of implementing community activity restrictions (PPKM) in suppressing the spread of COVID-19 in 27 cities and regencies in West Java. As a result, in this study, we used a cluster analysis with lock step distance measures to determine the impact of the government’s policies on the cities and regencies in West Java. This is a strategic thing to do, because we will be able to create numerous clusters based on the peculiarities of the dynamics of COVID-19. The results of this study can be used by the government to evaluate the effectiveness of containment policies taken in each region and identify structural similarities in the dynamics of COVID-19 that occur in each region. Thus, we hoped that the government will be able to evaluate the effectiveness of the policies taken more objectively and able to formulate better policies in dealing with the spread of COVID-19 with this information.




2. Overview


2.1. Coronavirus Disease 2019 (COVID-19)


SARS-CoV-2 is a virus that infects the respiratory tract and produces the infectious illness COVID-19. The World Health Organization (WHO) initially learned about this new virus on 31 December 2019, in Wuhan, China [15]. Coronavirus is a virus that spreads from animal to animal and can infect people. This virus’s native hosts are bats, although numerous other animal species have been discovered as potential contributors. MERS-CoV can be transferred to humans through camels, but SARS-CoV-1 can be transmitted through civets [16]. A person who tests positive for COVID-19 might experience a wide range of symptoms, from minor aches and pains to major sickness. Symptoms might emerge anywhere between 2 and 14 days after being exposed to the virus. The most common symptoms of COVID-19 infection are fever and cough, however, there are other signs and symptoms to consider [17]. On 11 March 2020, WHO declared COVID-19 a pandemic [15]. According to statistics from China at the time [18], adults, particularly those with congenital defects, have a higher risk of getting infected by severe COVID-19 cases and a higher fatality rate than younger persons. According to data from the European Economic Area/European Union (for countries where data are available), roughly 20–30% of confirmed COVID-19 patients are hospitalized and 2% have severe disease. People with more severe symptoms, on the other hand, are more likely than those with less severe symptoms to get tested. As a result, the real proportion of persons who need to be hospitalized as a percentage of the overall number of infected people is lower than the figures reflect. Those aged 60 and up, as well as those with a congenital illness, are more likely to be hospitalized [19].




2.2. Time-Series Clustering


Clustering is a technique for identifying groups in a data collection to obtain data that are relatively similar in one group and have distinct distinctions between them [20,21]. Time-series clustering is a unique sort of clustering. A temporal sequence is made up of a series of nominal symbols from a certain alphabet, while a time series is made up of a continuous series of real value elements [22]. Because the feature values of time-series data vary with time, they are categorized as dynamic data. This implies that the value of each time-series point is one or more observations made chronologically. Time-series data are a sort of temporal data that contain a lot of dimensions and a lot of spaces [23,24]. Clustering on time-series data is commonly used to uncover intriguing patterns in a collection of time-series data [7,8]. The clustering of time-series data is classified into two categories: The first group is used to detect patterns that emerge often in the dataset [9]. The second group is a strategy for detecting patterns that appear unexpectedly in a data collection, or patterns that are significantly different from other data in the same dataset [10].



In brief, locating clusters of time-series data may help solve real-world issues in a variety of domains, such as identifying dynamic changes in time series and detecting connections across time series [25]. It may be used to locate firms with comparable stock price movements in a financial database, for example. Predictions and recommendations: a hybrid method that combines clustering and per-cluster function approximation can assist users in making predictions and making suggestions [26,27,28]. For example, in scientific databases, this can address difficulties such as predicting today’s patterns by locating the solar magnetic wind. Pattern discovery: searching the database for intriguing patterns. Different daily sales trends of particular items at a store, for example, can be identified in a marketing database. In the phenomenon of COVID-19, time-series clustering has been carried out for creating the home dwell time clusters [29], estimation of the dynamics of COVID-19 in states [30], and also for the COVID-19 pandemic evolution [31]. This study utilizes time-series clustering to locate cities and regencies with comparable dynamics of daily positive COVID-19 instances, as well as how the daily case patterns are with the introduction of community activity restrictions (PPKM).





3. Materials and Methods


3.1. Materials


The study’s research object is daily COVID-19 infected case data from 27 cities and regencies in West Java Province. The data were collected from 1 July 2021 to 31 September 2021 and from 1 January 2022 to 31 May 2022, during the Emergency Community Activity Restriction period (PPKM). Pikobar-West Java COVID-19 Information and Coordination Center [32] was the source of the data used in this study. For data management and visualization, we used R software version 4.1.2 [33]. R is a programming language for statistical computing and graphics created by statisticians Ross Ihaka and Robert Gentleman. Currently, R is supported by the R Core Team and the R Foundation for Statistical Computing based in Vienna, Austria. For data visualization and transformation, we use ggplot2 [34] and reshape [35] packages. As for the time-series clustering process, we use TSdist [36], factoextra [37], and NbClust packages [38].




3.2. Methods


3.2.1. Clustering Daily Positive Case Data Using K-Medoids with Cross-Correlation Based Distance


K-medoids is comparable to clustering or partitioning around medoids (PAM). The k-medoids approach is based on identifying  k  representative items among the data set’s objects. A representative object, known as a centroid, is used in clustering. The representative object in k-Medoids is also known as the group medoid. K-medoid can be used on objects with very big values that vary from the data distribution to address the difficulty of utilizing k-means. This approach is preferable to most non-hierarchical clustering algorithms based on the minimal value of the sum of the squared estimate of error because it is more resilient (SSE) [39].




3.2.2. Calculating Cross-Correlation Based Distance


Calculating the distance metric utilized in k-medoids is the first step. We employ a distance measure with shape-based lock step distance features in this study. We use this metric to create clusters from raw data values and compare them with the same latency. We employ a distance metric called time-series distance that is based on the cross-correlation between two numerical time series. The distance between two numerical time series based on cross-correlation is determined as follows [40],


   d  i , j   =     1 −  ρ  i , j , 0  2      ∑   k = 1   m a x    ρ  i , j , k  2          ,  



(1)




where    ρ  i , j , k  2    shows the cross-correlation between the two-time series xi and yj at lag   k     and   m a x   is the maximum lag.




3.2.3. Determining the Number of Optimal Clusters with Elbow Methods


The elbow method was then used to calculate the number of clusters in this investigation. This approach is useful for calculating the number of clusters that should be used. The user searches for changes in slope to discover the ideal number of clusters using the elbow technique, in which the number of squares in each number of clusters is computed and graphed, and the user looks for changes in slope to determine the optimal number of clusters. The following formula is used to determine the SSE of the elbow method,


  S S E =   ∑   k = 1  k    ∑    x i  ∈  S k    | |  x i  −  c k  | |   2    ,  



(2)




where   k     is the number of groups in the algorithm used,    x i    is the number of data, and    c k    is the number of cluster members in the  k -th cluster. The elbow method examines the proportion of variance expressed as a function of the number of clusters [41]. The basic concept is to pick a point when the increased cost is no longer worth the declining return [42]. This is a visual method, starting with   k = 2  , and growing at each step by 1 step, while calculating the clusters and the costs associated with increasing the number of clusters. At some values for     k  , the cost drops drastically, and after that it starts to slope, and this is the optimal value of k. The reason is that after the k, when the value of k is increased or the number of clusters is increased, the new clusters that are formed no longer have a significant difference with those that have been created previously, or the new clusters created will be very similar to some of the existing clusters [43].




3.2.4. Clustering Daily Positive Case Data Using K-Medoids


The last step is clustering using k-medoids. The steps for clustering using the k-medoids method are as follows:




	(a)

	
Calculate the distance of each object using cross correlation-based distance with Equation (1).




	(b)

	
Calculate    v j    for each object  j  with    d i  =   ∑   j = 1  n   d  i j    











    v j  =   ∑   i = 1  n     d  i j      d i      ,   j = 1 , … , n ,   



(3)




where



                               d  i j        : Cross correlation distance matrix elements



                               v j   : Standardize the number of rows for each column     j  



	(c)

	
Sort    v j    from smallest to largest. Choose  k  clusters that have the first smallest    v j    as the center (medoid).




	(d)

	
Allocate non-medoid objects to the nearest medoid based on the cross correlation-based distance.




	(e)

	
Calculate the total distance from the non-medoid cluster to the center.




	(f)

	
Define a new medoid for each cluster which is an object that minimizes the total distance to other objects in the cluster. Update the existing medoid in each cluster by replacing it with a new medoid obtained from the existing cluster.




	(g)

	
Allocate non-medoid objects to the nearest medoid based on the cross correlation-based distance.




	(h)

	
Calculate the total distance from the non-medoid cluster to the center.




	(i)

	
If the number of new centers differs from the total distance of the cluster centers in the first iteration, change the center (medoid). Otherwise, the iteration is stopped and the result becomes the final cluster.







The number of groups (k) in k-medoids is selected based on the elbow method.





3.3. Cluster Internal Validation


The intrinsic information in the data is utilized to assess the quality of the clustering that has been done in the internal validation of the dataset, which uses the cluster partition as input. The size of the cluster division that represents its compactness, connectivity, and separation is chosen for internal validation [44]. Connectivity is a metric that represents closeness [45]. Separation quantifies the distance between cluster centroids, whereas compactness examines the homogeneity of the clusters produced by looking at intra-cluster variation. Compactness and separation have a trend that shows the opposite trend, so the method that is widely used is to combine the two sizes into one integrated size.



The homogeneity of the clusters created was measured using silhouette width in this study. Silhouette width is a metric that takes into account both compactness and non-linear separation [46]. The average silhouette width for each observation is the average of silhouette value   S  ( i )    for every  i  objects that belong to a certain cluster. The silhouette value indicates the amount of confidence in the dataset’s placement in a cluster of specific observations, with a value near to 1 indicating a good cluster and a value close to −1 indicating a bad cluster, with the i-th observation, defined as


  S  ( i )  =    b i  − a i     max  (   b i  ,  a i   )      ,  



(4)




where ai is the average distance between  i  and all other observations in the same cluster, and    b i    is the average distance between  i  and observations in the nearest neighboring cluster, i.e.,


   a i  =  1  n  (  C  ( i )   )      ∑   j ∈ C  ( i )    d i s t  (  i , j  )    ,  



(5)






   b i  =     m i n        C k  ∈ C \ C  ( i )        ∑   j ∈ C  ( i )      d i s t  (  i , j  )    n  (   C k   )      ,  



(6)




where   C  ( i )    is a cluster containing observations i,   d i s t  (  I ,   j  )    is a measure of the distance used between observations i and j, and   n  ( C )    is the cardinality of cluster C. After the cluster is validated, then the cluster formed will be investigated and interpreted in accordance with the phenomenon of the implementation of restrictions on community activities (PPKM) that occurred in West Java. The data and syntax used in this research can be accessed at https://github.com/DhikaSuryaP/COVID-19-Clustering-in-West-Java (accessed on 15 July 2022).





4. Results


The k-medoids clustering approach was employed in the cluster analysis of daily positive COVID-19 cases in 27 cities and regencies in West Java, with the distance measure utilized being cross-correlation-based distance. Clustering was carried out in two PPKM periods with the worst COVID-19 case dynamics in West Java.



	
The first clustering period is 1 July 2021–30 September 2021.



	
The second clustering period is 1 January 2022–31 May 2022.






4.1. Optimal Cluster Number Selection


This study used daily COVID-19 positive case data from 27 cities and regencies in West Java Province. The ideal number of clusters for daily positive case data for COVID-19 in 27 cities and regencies in West Java province was determined using the elbow method. Figure 2 depicts the ideal number of clusters for daily COVID-19 positive cases in West Java cities and regencies.



Figure 2 shows that the ideal number of clusters to generate in this study is four clusters for the first clustering period and two clusters for the second clustering period. This is proven by the total change within the sum of the square that occurs begin to dampen, implying that the difference between the total within the sum of the square in the cluster is no longer significant, or that the cluster that is formed no longer has a significant difference after the numbers of clusters are enlarged by more than the ideal number. As a result, the number of clusters produced in this study will be four for the first clustering period and two for the second clustering period.




4.2. Clusters Internal Validation


Table 1 depicts clusters of daily positive COVID-19 cases in 27 West Java cities and regencies.



After getting the temporary cluster in Table 1, we iterated the process three times. The cluster’s outcome did not change until the third iteration. After data on the number of daily COVID-19 cases in 27 cities and regencies in West Java were clustered, the clusters were internally validated. This is done by looking at the silhouette width value to guarantee that the produced cluster is homogeneous. Table 2 displays the silhouette width values together with the number of clusters that have attempted to form.



The highest silhouette width value achieved by the first-period cluster was 0.2633 and the second-period cluster was 0.6363, according to Table 2. This demonstrates that the development of four clusters for the first period and two clusters for the second period in this study was suitable since it demonstrated that the highest degree of confidence in cluster member placement was attained, as in the graph given in Figure 3.



From Figure 3, it can be seen that the highest silhouette value was achieved when the number of clusters formed was four clusters for the first period and two clusters for the second period. After three iterations and internal validation, it was found that Table 1 shows the final cluster for the number of active COVID-19 cases in 27 cities and regencies in West Java, meaning that for clusters that have been formed, further analysis can be done.




4.3. First Period (1 July 2021–30 September 2021) Clustering Results


Figure 4 shows the development of the number of daily positive cases of COVID-19 in Cluster 1 for the first period.



Figure 4 shows the development of the number of daily positive cases of COVID-19 in Cluster 1 in the period 1 July 2021–30 September 2021. This cluster is the cluster with the most members, namely 14 cities/regencies. Characteristics that can be observed through the graph in this cluster: it can be seen that this cluster is a cluster in which, when the emergency PPKM was implemented, namely on 3 July 2021, the number of daily positive cases of COVID-19 that occurred was increasing. Then, 14 days after the first time the emergency PPKM was carried out, namely on 17 July 2021, in this cluster there were signs of a decrease in daily positive cases of COVID-19. When PPKM 4 Level was implemented, namely 26 July 2021–2 August 2021, in this cluster, almost all cluster members began to experience a significant decrease in cases when compared to the worst conditions that had been experienced before. The last characteristic of this cluster is the steady decline in cases, which continued until 30 September 2021.



Figure 5 shows the development of daily positive cases of COVID-19 in Cluster 2. This cluster consists of 11 cities/regencies for the period 1 July 2021–30 September 2021. Characteristics that can be observed through the graph in this cluster: it can be seen that this cluster is a cluster that, when PPKM starting to be implemented, namely on 3 July 2021, was not experiencing an increase in daily positive cases, different from Cluster 1. This cluster began to experience an increase which began on 13 July 2021, and this lasted until 25 July 2021, then began to experience a steady decline after the Level 4 PPKM began to be implemented, namely on 26 July 2021. In the period August 2021–September 2021, cities and towns and cities districts that are members of Cluster 2 no longer experienced a significant increase in cases, and were steadily decreasing. This indicates that the policies taken were appropriate to reduce the number of daily positive cases of COVID-19 that occurred in Cluster 2, given in Figure 6.



Figure 6 shows the development of daily positive cases of COVID-19 in cluster 3. This cluster is unique because it only consists of one city, namely Bogor City. The unique characteristic that can be observed through the graph in this cluster is that it experienced two peaks, namely when the emergency PPKM was implemented, on 3 July 2021 and in the period 26 August 2021–16 September 2021. This cluster experienced a decrease when the Level 4 PPKM was implemented, namely on 26 July 2021, and continued to decline until 23 August 2021, but what distinguishes this cluster from other clusters is that in this cluster, there was an increase again on 26 August 2021–11 September 2021; then, they again experienced a decrease in cases that continued to occur until 30 September 2021. This cluster is a cluster that experienced a second wave since the emergency PPKM and Level 4 PPKM were implemented. This indicates an ineffective implementation of PPKM in this city, as a given in Figure 6.



Figure 7 shows the development of daily positive cases of COVID-19 in Cluster 4. This cluster is unique because it only consists of one city, the same as Cluster 3, namely Depok City. The unique characteristic that can be observed through the graph in this cluster is that it can be seen that this cluster experiences a peak or worst-case scenario in different periods when compared to other clusters. This cluster peaked on 21 August 2021–26 August 2021, and this happened suddenly. In contrast to other clusters, which in the same period actually decreased, when the emergency PPKM and Level 4 PPKM were implemented, this cluster experienced a fluctuating number of daily positive cases of COVID-19. This cluster experienced a significant decline on 27 August 2021. At that time, the number of daily cases that occurred was 110 cases, very different from the previous day where the number of daily positive cases was 3341 cases. Furthermore, during 28 August 2021–30 September 2021, this cluster experienced a steady decline. This cluster is unique with peaks that occurred at different periods than other clusters, and it occurred very suddenly, which indicates an ineffective implementation of PPKM in this city.




4.4. Second Period (1 January 2022–31 May 2022) Clustering Results


In the second period, the number of clusters formed was less than in the previous period. During this period, two clusters were formed based on the daily number of new COVID-19 cases in West Java. Figure 8 shows the development of the number of daily positive cases of COVID-19 in Cluster 1 for the second period.



Figure 8 shows the development of the number of daily positive cases of COVID-19 in Cluster 1 in the period 1 January 2022–31 May 2022. In the clustering conducted in Period 2, this cluster is the cluster with the most members, namely 22 cities/regencies. In this cluster, PPKM began to be implemented on 4 January 2022. When PPKM was first implemented, the number of cases that occurred was still relatively low. This is different from Period 1 where PPKM began to be implemented when COVID-19 cases began to experience a significant increase. In this cluster, the increase in the number of COVID-19 cases began to occur at the end of January 2022, and the peak occurred at the end of February 2022. The daily number of COVID-19 cases began to decline in early March 2022, until finally on 4 April 2022, PPKM was relieved by the government. Since then, the number of daily COVID-19 cases has continued to decline until May 2022.



Figure 9 shows the development of the daily number of positive COVID-19 cases in Cluster 2 for the period 1 July 2021–30 September 2021. In the clustering conducted in Period 2, this cluster only consists of five cities and regencies. In this cluster, the start time of PPKM is still the same as the previous cluster, namely on 4 January 2022. However, this cluster has differences from the previous Cluster 1; namely, in this cluster, it can be seen that the increase in the number of daily cases of COVID-19 started earlier, that is, from mid-January. In addition, in this cluster, the peak that occurred was earlier than Cluster 1, which occurred in mid-February. The decrease in the number of daily cases in this cluster occurred at the end of February and continued until 31 May 2022.



The clusters formed in this study have unique characteristics and features and can be used as an initial evaluation of the effectiveness of PPKM. This is indicated by the differences that can be extracted from the clusters that were formed. Further discussion of clustering results and their implications for the effectiveness of PPKM implementation is included in the next section.





5. Discussion


In this study, we succeeded in forming clusters for daily COVID-19 cases in 27 cities and regencies in West Java Province. We formed them based on the results of the elbow method and validated the clustering results using silhouette width. The validation results show that for the first and second period, the formation of four and two clusters provides the highest level of confidence, respectively. Based on the cluster, it was found that the use of time-series clustering was effective in extracting insight from data on the number of COVID-19 cases that occurred during PPKM.



For the first period clustering (1 July 2021–30 September 2021). We found some insights that could be useful for immediate use or further study. Based on the four clusters that we formed, we found that the implementation of the emergency community activity restriction (PPKM), and the Level 4 PPKM had succeeded in reducing the number of cases. daily COVID-19 in 25 cities and regencies in West Java. This is reflected in Figure 4 and Figure 5, namely the graphs for Clusters 1 and 2. The two graphs show that there has been a decline in cases since 2 August 2021. In these two clusters, almost all cluster members began to experience a significant decrease in cases when compared to the worst conditions that had been experienced previously. Another characteristic of this cluster is the steady decline in cases, which continued until 31 October 2021. We also found that two cities had different daily developments of COVID-19 positive cases compared to other cities and regencies in West Java Province during the period implementation of restrictions on community activities (PPKM). The cities of Bogor and Depok had different developments in the number of daily COVID-19 cases compared to other cities and regencies in West Java during PPKM. Bogor City experienced two significant spikes in cases, namely when PPKM was implemented and Level 4 PPKM was implemented, while Depok City faced its worst situation 19 days after PPKM was implemented. This means that the cities of Bogor and Depok have different daily COVID-19 case dynamics compared to other cities and regencies, which indicates the need for different treatment for the two cities. In the city of Bogor, it was found that the peak of cases occurred twice, namely during PPKM and after PPKM. This indicates that the implementation of PPKM is not effective in that city, so that a more stringent PPKM execution accompanied by an extension of its duration is an option that can be considered for the City of Bogor. As for the City of Depok, the highest number of cases actually occurred after the PPKM period, and during the PPKM period, the number of COVID-19 cases in this city tended to be less. This indicates that the implementation of PPKM in this city is inconsistent, especially in the mid-to-late PPKM period. This means that supervision on the implementation of PPKM in this city need to be tightened, especially during the period leading up to the end of PPKM when the number of daily cases tends to decrease.



For the second period (1 January 2022–31 May 2022), based on the two clusters formed, we found that there was a delay between the two clusters. In the first cluster, the increase in COVID cases began at the end of January, while in the second cluster, the increase in the number of cases occurred earlier, namely in mid-January. This difference turns out to have an impact on when the peak number of cases occurs. This is shown in Cluster 1, where the peak of new cases occurred at the end of February, while in Cluster 2 the peak occurred in mid-February. There is a gap of one month between the start of the increase in cases and the peak of cases that occur. One of the reasons for the difference in the start of improvement between these two clusters is location. Members of Cluster 2 are cities and regencies that are part of the JABODETABEK (Jakarta–Bogor–Depok–Tangerang–Bekasi) area. At that time, Jakarta was the first location to experience an increase in the number of COVID-19 cases in Indonesia. This is a logical reason for an earlier increase in the number of cases in Cluster 2. This also confirms the findings of Zarikas et al. [11] which stated that geography had an effect on the dynamics of COVID-19 cases. For the effectiveness of the implementation of PPKM in Period 2, there was no significant difference between Clusters 1 and 2. This is because the time since the peak occurred until the number of new cases was relatively low, more or less the same for these two clusters, which was about one month and there was no significant increase in cases until May 2022. In Cluster 1, new cases began to stabilize at a low level in mid-April, while in Cluster 2, new cases began to stabilize at a low level in early April. This shows that in this second period, all cities and districts in West Java implemented PPKM effectively, and showed an improvement from the implementation of PPKM in the first period.



After discussing the clusters in the first and second periods, we know that in each of these periods, the number of clusters was different. In the first period, four clusters were formed, while in the second period, two clusters were formed. Why does this happen? If we try to observe the dynamics of new cases of COVID-19 that occur, in the first period, the City of Depok and the City of Bogor had such unique dynamics that the two cities formed their own respective clusters. The ineffective implementation of PPKM in these two cities led to the formation of these new clusters. However, in the second period, the implementation of PPKM in both cities improved. Thus, in the second period, the dynamics of cases that occurred in the cities of Depok and Bogor were more or less the same as other cities and regencies that were members of Cluster 2. This shows that the variability of the effectiveness of containment policies affects the number of clusters formed. In the first period, the implementation of PPKM in Clusters 1 and 2 proved effective in reducing the number of new cases of COVID-19, while in Clusters 3 and 4, the implementation of PPKM was not effective, and the two clusters had very different case dynamics compared to other cities. In the second period, the effectiveness of the implementation of PPKM was more or less the same, or PPKM is effectively applied to all cities and districts in West Java. This resulted in fewer clusters being formed in the second period than in the first period, which was only two clusters. The thing that distinguishes Clusters 1 and 2 in this second period is only geography. The results of this study indicate that the proposed clustering method is successful in classifying cities and regencies based on the dynamics of new COVID-19 cases that occur. The proposed method is sensitive to the effectiveness of containment policies and also to the geography of each city and regency.



In this study, a method was proposed to evaluate the COVID-19 spread containment policy. The proposed time-series method succeeded in providing an insightful cluster for evaluating the effectiveness of the policy. However, it should be noted that to apply this method to new data, there are two conditions that need to be met: (1) The policies applied, whether the types of policies applied are relatively similar between regions, and (2) the policies need to implemented simultaneously across regions. The proposed method is suitable for use in the same policy conditions and carried out simultaneously in various regions. This is evident from the proposed classification method which succeeded in capturing features of the effectiveness of implementing PPKM in 27 cities and regencies in West Java Province. If the two conditions mentioned above are not met, the clustering method proposed in this study is not suitable for use.




6. Conclusions


In this study, we clustered the time-series data of daily COVID-19 cases in 27 cities and regencies in West Java Province. We did clustering during PPKM implementation with the worst number of new COVID-19 cases, namely 1 July 2021–30 September 2021, and 1 January 2022–31 May 2022. The distance measure that we used for time-series clustering in this study was a type of shape-based lock-step distance measures, namely cross-correlation distance and to determine the optimal number of clusters, we used the elbow method. After the cluster was formed, we did internal validation for the cluster using the silhouette width. The results of our study found that the optimal number of clusters that could be formed from the data we had was four clusters for the first period and two clusters for the second period. For the first period, we found that from the 27 cities and regencies that we studied, there were 25 cities/districts that belong to Cluster 1 and 2, and they showed that the implementation of the emergency PPKM and the Level 4 PPKM was effective for the number of daily positive cases of COVID-19. This indicates that for the majority of cities and regencies in West Java, PPKM is the right policy to implement. In addition, there are two cities that have unique patterns when compared to other cities and regencies, namely the cities of Bogor and Depok. The City of Depok showed an increasing trend in the number of new COVID-19 cases during PPKM, while the City of Bogor experienced an increasing trend after PPKM was implemented. This shows that the implementation of PPKM did not succeed in reducing the number of daily new cases of COVID-19 in the two cities. For the effectiveness of the implementation of PPKM in Period 2, there was no significant difference between Clusters 1 and 2. This is because the time from the peak occurred until the number of new cases was relatively low for these two clusters, about one month, and there was no significant increase in cases until May 2022. In Cluster 1, new cases began to stabilize at a low level in mid-April, while in Cluster 2 new cases began to stabilize at a low level in early April. This shows that in this second period, all cities and districts in West Java implemented PPKM well and showed an improvement from the implementation of PPKM in the first period.



We recommend that the government pay more attention to areas that are close to the hotspot regions for the spread of COVID-19. In this case, the most common is the state capital or provincial capital. If the effectiveness of the PPKM determines when the spread starts to stabilize at a low level, then the geographic location of the city and district determines when the spread begins to accelerate. This means that if it is identified that an area is starting to experience an acceleration in the spread of COVID-19, then other adjacent areas need to be the first areas to implement a containment policy. This is an effort that can be made by the government to contain the rate of COVID-19 so that the spread does not reach a dangerous level. We hope that the government can continue to control the spread of COVID-19 at a safe level with this information.



The clusters show that time-series clustering can be used to evaluate policies in different areas within the same time frame. Using the right distance measures can provide insightful clusters for COVID-19 policy and management. While it is certainly useful, the clusters produced in this study only differentiate between regions that have successfully implemented PPKM and those that have not. In fact, information about the success rate of each region can be different, and this information is strategic information to obtain because this can be a reference for the government for the ideal implementation of PPKM. Thus, in future research, it is very good to consider the hierarchy of the success rates of PPKM in each region in the cluster.
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Figure 1. Daily positive cases of COVID-19 in West Java. 
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Figure 2. The optimal number of clusters based on the elbow method: (a) Clustering period 1 July 2021–30 September 2021, (b) clustering period 1 January 2022–31 May 2022. 
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Figure 3. Silhouette width plot for each number clusters: (a) Clustering period 1 July 2021–30 September 2021, (b) clustering period 1 January 2022–31 May 2022. 






Figure 3. Silhouette width plot for each number clusters: (a) Clustering period 1 July 2021–30 September 2021, (b) clustering period 1 January 2022–31 May 2022.



[image: Computation 10 00153 g003]







[image: Computation 10 00153 g004 550] 





Figure 4. Daily positive cases of COVID-19 in cluster 1 for the first period. 
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Figure 5. Daily positive cases of COVID-19 in Cluster 2 for the first period. 






Figure 5. Daily positive cases of COVID-19 in Cluster 2 for the first period.



[image: Computation 10 00153 g005]







[image: Computation 10 00153 g006 550] 





Figure 6. Daily positive cases of COVID-19 in Cluster 3 for the first period. 
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Figure 7. Daily positive cases of COVID-19 in Cluster 4 for the first period. 
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Figure 8. Daily positive cases of COVID-19 in Cluster 1 for the second period. 
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Figure 9. Daily positive cases of COVID-19 in Cluster 2 for the second period. 
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Table 1. Clusters of daily COVID-19 cases in cities and districts in West Java.
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Cluster

	
Periods

	
Cities/Districts






	
1

	
First

Period

	
KAB. BANDUNG, KAB. BANDUNG BARAT, KAB. CIAMIS, KAB. CIANJUR, KAB. INDRAMAYU, KAB. KARAWANG, KAB. PANGANDARAN, KAB. SUBANG, KAB. SUKABUMI, KAB. TASIKMALAYA, KOTA BANDUNG, KOTA BANJAR, KOTA SUKABUMI, KOTA TASIKMALAYA




	
2

	
KAB. BEKASI, KAB. BOGOR, KAB. CIREBON, KAB. GARUT, KAB. KUNINGAN, KAB. MAJALENGKA, KAB. PURWAKARTA, KAB. SUMEDANG, KOTA BEKASI, KOTA CIMAHI, KOTA CIREBON




	
3

	
KOTA BOGOR




	
4

	
KOTA DEPOK




	
1

	
Second Period

	
KAB. BANDUNG, KAB. BANDUNG BARAT, KAB. CIAMIS, KAB. CIANJUR, KAB. CIREBON, KAB. GARUT, KAB. INDRAMAYU, KAB. KARAWANG, KAB. KUNINGAN, KAB. MAJALENGKA, KAB. PANGANDARAN, KAB. PURWAKARTA, KAB. SUBANG, KAB. SUKABUMI, KAB. SUMEDANG, KAB. TASIKMALAYA, KOTA BANDUNG, KOTA BANJAR, KOTA CIMAHI, KOTA CIREBON, KOTA SUKABUMI, KOTA TASIKMALAYA




	
2

	
KAB. BEKASI, KAB. BOGOR, KOTA BEKASI, KOTA BOGOR, KOTA DEPOK
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Table 2. Silhouette width values in the clusters tested in this study.
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	Number of Clusters
	2
	3
	4
	5
	6
	7
	8
	9
	10





	First

Period
	0.2514
	0.2605
	0.2633
	0.1952
	0.1915
	0.1720
	0.1765
	0.1247
	0.1027



	Second

Period
	0.6363
	0.3056
	0.3258
	0.3339
	0.3073
	0.3154
	0.3281
	0.3016
	0.2992
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