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ABSTRACT. Coronavirus Disease or COVID-19 is a virus that in late 2019 and early
2020 shook the world. Initially, this COVID-19 came from one of the cities in China,
namely the city of Wuhan. In Wuhan City, the total number of cases up to May 2020
was around 82,992 cases. While for COVID-19 cases in the world, it touched 5,495,061
cases. Since the end of 2019 until May 2020, the total number of COVID-19 cases has
increased. Because of this case, all countries in the world declared a state of emergency.
When viewed from a health viewpoint, socioeconomic conditions in a country belong to
the state of health of the community, especially if there is an infectious disease outbreak
in the community. The main focus of this research is that the amount of COVID-19 cases
is a nonlinear role of socioeconomic impressions that are generally not divided between
districts. The aim is to combine multivariate datasets describing social and economic
factors in evaluating the system that districts with the same socioeconomic symptoms
show a similar distribution of COVID-19. We use the Self-Organizing Maps (SOM) al-
gorithm and the required distribution of 8 social and economic variables to classify 34
provinces in Indonesia into five clusters. Clusters determined by SOM are then compared
to the distribution of COVID-19 cases. Our research shows a positive association with-
in socioeconomic circumstances and COVID-19 cases in existing provinces using SOM
methods to overwhelm data and methodological difficulties traditionally faced in public
health research.
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1. Introduction. In this day and age, every day, much new data is collected. The col-
lected data are then managed in a database along with several other correlated terabytes
of data [1,4]. Visual Data Mining (VDM) is a process of interaction and analytic reason-
ing with one or more visual representations of abstract data. This VDM process leads to
a visual discovery of a pattern that is in the data or also provides guidance for applying
data mining and other analysis techniques [3,6]. VDM can implement in various fields of
human endeavour such as business, technology development, healthcare, medicine, and
other fields that produce many data that is difficult to understand [8]. To be able to use
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VDM, visualization technology is needed to transform extensive data in datasets into im-
ages or graphics that are easier to read. In short, VDM is a combination of visualization
and data mining [8].

Self-Organizing Map (SOM) algorithms or often called topology-preserving map is a
technique that was begun by Teuvo Kohonen in 1996 [13]. SOM is one of the techniques
in Neural Network (NN) that can be used to visualize data by decreasing data dimensions
within self-organizing neural networks so that ordinary people can understand about high-
dimensional data mapped in the construction of low-dimensional data. SOM is one of the
critical methods in VDM. The learning method used by SOM is without direction from
data from unsupervised learning which assumes a topology that is structured into several
clusters or classes. Therefore, an observation position can be compared with each unit in
the second layer. The algorithm can then find which set best represents the domain of
observation. The set is determined on a two-dimensional grid, so the sets that have high
resemblance will be close together [5].

Socioeconomic is a social science that investigates how economic movement can influ-
ence and develop social manners. In general, this science analyzes how the economic
situation of people in the local and global area, whether the economy of the community is
progressing, backward, or stable [4,15]. In the early 2020s, when the outbreak of COVID-
19 in all countries, the economy in all countries experienced significant changes. According
to the UN Framework for the Immediate Socioeconomic, the COVID-19 pandemic is not
just a health crisis but has an impact on other cores such as social and economic [16-18].

Research that discusses COVID-19 is very prevalent recently, such as research conducted
on social media [19] with a total of 115,299 Weibo posts consisting of an average of 2,956
posts per day. This study used a quantitative analysis by finding a positive correlation
between the number of Weibo posts and the number of cases reported from Wuhan,
using the four classifications in the Weibo discussion of disease causes, epidemiological
characteristics of the outbreak, public reaction to outbreak control and response measures.
The results of this study provide initial insight into the outbreak of the corona disease
caused by the COVID-19 virus, based on quantitative data and qualitative analysis of
Chinese social media data in Wuhan City [22]. This research can carefully conduct an
initial analysis through social media Weibo which can be used for early action to prevent
COVID-19.

In another study [20], Geographic Information System (GIS) has played an important
role in many aspects, such as advantages in the field of accurate and accurate aggregation
and visualization for COVID-19 spatial tracking, provision of good spatial information
support is very important for decision making, regarding the prevention and control of
COVID-19. The use of GIS experiences difficulties when dealing with heterogeneous
data acquisition and integration of data; here we need cooperation between government,
business, and academic institutions to jointly formulate the right policies. At the technical
level, spatial analysis methods are developing very rapidly.

In another study [21], research on geographic tweets posted about COVID-19 found
consistent data according to the official WHO report on the incidence of COVID-19 cases
during the study period. This reflects the recommended methods of monitoring and
tracing these infections very precisely. The limitation of this method is that it cannot
be used to monitor and track infectious diseases in poor areas or areas where there is no
access to social media. The language of the tweets in this study is English. The results
of this study, due to the very rapid development of social media, and using the mining
of this web news used by each community, the geographic and demographic of users can
be identified accurately. This is due to the fact that statistical data reports can easily be
found in comments, photos, videos, etc. regarding COVID-19.

The main contribution in this paper is to visualize the correlation between the socioe-
conomic and Coronavirus Disease (COVID-19) outbreaks using the Self-Organizing Map
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(SOM) algorithm by searching for areas that are more similar in the socio-economic field
that have more similar attributes in the transmission of COVID-19. Hidden information
can be found from large amounts of data, and provides an intuitive visualization. In this
paper, we use the SOM algorithm to analyze the correlation between eight socioeconomic
variables and the COVID-19 flash [9].

2. Research Method. One example of this application is competitive learning, where
output neurons compete with one another to get good results. In the algorithm training
process, the first unit layer output SOM or node is assigned a set of random vectors or
applied to as a codebook [10,11]. After BMU found a demanding set of input vectors
then allocated to the same thing, then the output unit vector value is fixed to be closer
to the input set value. The neighbouring BMU unit is also adjusted close to the latest
values. Likewise, the entire set of input data is committed to their BMU at the output
layer, mapping the same input data vector unitedly on a two-dimensional arrangement
with most of the original properties retained. Therefore, an SOM display that has been
previously trained can enable analysts to see useful knowledge previously not known
implicitly in raw data in the form of patterns, constructions and associations [9].

The standard architecture of a self-organizing map network is shown in Figure 1. The
quintessential constituents of the feature map are as ensues [13].

e An array of neurons that calculates a simple output function from an input that
enters from input entered arbitrarily by dimensionality.

e The mechanism for selecting neurons with the most significant output.

e The adaptive mechanism that updates the weight of the selected neuron and its

87
7

FiGURE 1. The standard architecture of a self-organizing map network

The training algorithm suggested by Kohonen to form the map features is paraphrase
as ensues.

Step 1: Initialization: Select a blind value for the initial weight w,(0).

Step 2: Winning Findings: Find the neuron j* at time k, adopting the minimum
distance Euclidean criteria:
j=1,...,N? (1)
where z(k) represents the kth input pattern, N? is the total number of neurons, and || ||
showing Euclidean norms.

Step 3: Weight Update: Adjust the weight of the winner and its neighbors, using the
following rules

j* = arg ||z (k) — w

w;(k +1) = w;(k) + n(k) Az (k) [z(k) —w; (k)] (2)
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where 7(k) is a constant positive and A;«(k) are the topological environmental functions
of the winning neuron j* at time k. The typical choice of A;«(k) is a Gaussian type
function

A (k) = exp (‘27) 3)

where the parameter ¢ is the “width effect” of the topological environment and d?*yj
is the lateral distance between neurons j* and j in discrete output space. It must be
emphasized that the success of map formation is highly dependent on how the values of
the main parameters (i.e., (k) and A;«(k)) the initial value of the weight vector, and the

number of iterations are predetermined.

¢

3. Results and Discussion. Coronavirus Disease (COVID-19) was first recognized as
a global threat in early 2020. The first known case occurred in the city of Wuhan, China,
at the end of 2019. The international spread of this outbreak resulted in 5,495,061 cases
in 178 countries, with 350,958 deaths. As an example of VDM using SOM, we chose
socioeconomic data to train in maps. Then we look for the relationship between the
COVID-19 outbreak and socioeconomic factors in 34 provinces in Indonesia.

COVID-19 data covering the number of COVID-19 patients in each region in Indonesia
were obtained from the report of the Task Force for the Acceleration of Handling COVID-
19, then socioeconomic and population data from the report of the Indonesian Central
Statistics Agency (BPS). Table 1 presents an example of the data contained in the dataset.

In the next step, correlation analysis is used to determine the social factors related to
economics. The results are as follows in Table 2.

TABLE 1. Socialeconomic data in Indonesia 2020

Region Jakarta East Java Aceh Beliiliilr:gglﬁ[{glan d
Number of cases 6,400 3,129 19 36
Death rate 500 256 1 1
Population 10,012,271 38,610,202 4,906,835 1,343,900
Retail rate —34.9326 —19.41573034 —16.0674 —23.4494382

Grocery and

—15.4382 —8.674157303 —6.69663 —7.898876404

pharmacy rate
Parks —37.9438 —26.06741573 —16.3933 —18.96629213
Transit station rate —40.6742 —32.07865169 —27 —38.25842697
Workplaces —26.6067 —16.65168539 —11.573 —13.56179775
Residential 14.49438  9.921348315 7.101124 8.505617978

TABLE 2. Relationship analysis

Attribute 1 Attribute 2 Correlation
Number of cases Death rate 0.999684313
Number of cases Population 0.345605873
Number of cases Retail rate —0.807169241
Number of cases Grocery and pharmacy rate —0.93769357
Number of cases Parks —0.991428192
Number of cases Transit station rate —0.565945582
Number of cases Workplaces —0.971818333
Number of cases Residential 0.968553807
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Correlation analysis used to determine the social factors related to economics and the
retail rate and transit station rate has a low correlation rate in the presence of the COVID-
19 outbreak. While the death rate, population, transit station rate, retail rate, and
residential have a high level of correlation with COVID-19 outbreaks. From the table
above it also shows that the mortality rate rose quite high, and the grocery and pharmacy
rate decreased significantly related to the COVID-19 outbreak.

The results of the data clusters are significantly related to input the clusters obtained
in Figure 2. In this figure, all data is classified into five parts, where West Java province
is separated by itself because it has the most population, then Java province Central and
East Java are classified together because they have almost the same data rate. After that,
we put all the related factors into the net, which then obtained the following results.

Simitar I Ditferent

Met size: G =5 Explained variance: 87.94%

FIGURE 2. (color online) Clusters as a whole

In Figure 3, there are hexagons, each of which has its values and colours. If the colour
of the hexagon is red, it means the hexagon has a value that is far different from other
neighbouring data. Conversely, if the colour of the hexagon is blue, then the hexagon has
a value that is quite similar to other neighbouring data. From the picture above, it can
see that cluster 1 has the most members compared to other clusters. Then in cluster 2,
it only has one member.

Table 3 shows the result of data processing using the Self-Organizing Map (SOM) al-
gorithm on RapidMiner. In this research, we use RapidMiner [14] because it can process
SOM algorithms without making coding scripts like in Python or R. In Table 3, it can see
that cluster 1 has the most number of provinces, namely 19 provinces (Bali, Bengkulu,
Special Region of Yogyakarta, Gorontalo, Jambi, South Kalimantan, Central Kaliman-
tan, Fast Kalimantan, North Kalimantan, Bangka Belitung Island, Riau Island, Maluku,
North Maluku, Papua, West Papua, West Sulawesi, Central Sulawesi, Southeast Sulawesi
and North Sulawesi). Cluster 1 had a total of 194,947 cases with 7,632 deaths. Cluster 1
also has the lowest workplace rate, which is —15,353. Then in cluster 2, which only has
one province, West Java, has the lowest death rate, which is 125 cases. Then in cluster 3
in this result, the provinces of Jakarta together with North Sumatra and Banten were col-
lected into the same group in one cluster. Cluster 3 has the highest mortality rate among
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Metsize: 6= 45 Explained variance: 87 94 %

FIGURE 3. (color online) Clusters use all datasets

TABLE 3. Cluster result using all related data

Cluster Province

Bali, Bengkulu, Special Region of Yogyakarta, Gorontalo, Jambi, South
Kalimantan, Central Kalimantan, East Kalimantan, North Kalimantan,

C1 Bangka Belitung Island, Riau Island, Maluku, North Maluku, Papua, West
Papua, West Sulawesi, Central Sulawesi, Southeast Sulawesi, North Sulawe-
si

C2 West Java

C3 Banten, Jakarta, North Sumatra

C4 Central Java, East Java

C5 Aceh, West Kalimantan, Lampung, West Nusa Tenggara, East Nusa Teng-
gara, Riau, South Sulawesi, West Sumatra, South Sumatra

other clusters. In addition, cluster 3 also experienced the highest economic decline in all
sectors used in this study (retail, grocery and pharmacy, parks, transit stations, work-
places, and residential). Then in cluster 4, namely Central Java and East Java provinces,
the highest total cases were 2,181,500, and the death rate was 163. Cluster 4 had quite
high rates in the retail, grocery and pharmacy sectors. Furthermore, in cluster 5, it has 9
cluster members, namely, Aceh, West Kalimantan, Lampung, West Nusa Tenggara, East
Nusa Tenggara, Riau, South Sulawesi, West Sumatra, and South Sumatra. Cluster 5 had
a total of 361,444 cases, with a mortality rate of 14,667. Cluster 5 also has a high rate in
the parks sector and low in the residential sector.

4. Conclusions. In this paper, the Self-Organizing Map (SOM) algorithm used to visu-
alize the correlation between socioeconomic and Coronavirus Disease outbreaks (COVID-
19). The results show that socioeconomic factors correlate with COVID-19 transmission.
More similar regions in the socioeconomic area have more similar attributes in COVID-19
transmission. To get further information, data must be collected from several related
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sources such as the Task Force for the Acceleration of Handling COVID-19 to retrieve
outbreak case data, and the Central Statistics Agency (BPS) to retrieve economic data
in all provinces in Indonesia. By using the SOM algorithm, hidden information can be
found from a large amount of data, and provides intuitionistic visualization. With this, we
can have a more straightforward web structure, strong automatic learning abilities, and
calculate quickly. SOM algorithms can be useful in visualizing data mining in the public
health sector. The suggestion for further research is to widen the coverage of the data,
divided according to the zones established by the Indonesian government at this time,
such as the black zone, the red zone, the yellow zone and the green zone, and combined
with other algorithms to be able to predict the spread of COVID-19.
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