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ABSTRACT

Respiratory infectious diseases in children are a major public health problem
that requires in-depth understanding for effective treatment and prevention
of the spread of these diseases. This research proposes a cluster-based
analysis approach using the K-Means and Morran's | model to understand
the growth of respiratory infectious diseases in children in the North Aceh
district. This research aims to identify disease distribution patterns and
group areas with similar risks to avoid spreading in adjacent areas. The data
used includes cases of respiratory infections in children for the last three
years, starting from 2021 to 2023. The K-Means clustering model is used to
group geographic areas that have similar patterns in the distribution of cases
of respiratory infections in children. In contrast, Morran's | is used to
measuring the level of spatial dependence between cases of respiratory
infections in children in each region. The results showed that K-Means and
Morran's | were able to identify spatial patterns of respiratory infectious
diseases in children well. There are 3 clusters formed from the results of
data categorization. Cluster 1 consists of 18 sub-districts characterized by
having a small number of cases for all types of disease. Cluster 2 consists of
3 sub-districts characterized by a high number of cases of pulmonary
tuberculosis, bronchitis, ARI, and a moderate number of cases of glandular
tuberculosis. The cluster consists of 6 sub-districts characterized by high
cases of pulmonary TB, low cases of glandular TB, and moderate cases of
bronchitis and ispa. The spatial pattern formed from the Kmeans clustering
results is in line with the results of Moran's | analysis, namely: cluster 1 has
a dispersed pattern, and clusters 2 and 3 have a clustered pattern. Based on
Moran's | analysis, cluster 1 is a cluster with negative spatial dependence on
disease growth with an index value of -0.01091, while clusters 2 and 3 are
clusters with positive spatial dependence on the growth and spread of
respiratory infections with an index value of 0.675138 for each cluster 2 and
0.303281 for cluster 3.

Introduction

Infectious diseases and non-communicable diseases are two types of diseases that often cause
health problems for people, especially children. Specifically, respiratory infections in children are

detected from respiratory tract infections caused by syncytial virus air pollution, which has an impact
on children [1] [2]. Respiratory infections in children require serious treatment for those affected, and
treatment of the disease can involve hospitalization for the healing process [3]. According to a report

published in 2019 by the World Health Organization (WHO), infectious respiratory infections in

children identify previous events that are detrimental to public health in every region [4] [5].

Meanwhile, non-communicable diseases cannot be transmitted through air or human interaction [6].
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Cluster analysis of the growth of infectious diseases in children often occurs in pulmonary TB
infections, bronchitis, and tuberculosis to see areas affected by respiratory infections in children [7]
[8]. This disease is ranked in the top 10 causes of death worldwide. This has a broad impact on the
problem of social disadvantage in each region. In addition, many infectious diseases cause death [9]
[10].

Geographic factors are important in determining growth patterns and the risk of infectious diseases
in an area. Geographic factors include aspects such as climate, altitude, humidity, rainfall, and
population in the incidence of infectious diseases [11]. Spatial analysis techniques can understand and
solve problems related to the growth of disease spread, planning of areas of occurrence and distribution
patterns between regions [12]. Based on the results of the analysis, the distribution pattern of dangerous
infectious diseases spreads from children to the elderly, caused by viruses and bacteria that attack the
lungs [13].

Local governments and national health services in various countries can see the growth patterns in
the incidence of infectious diseases in the near future and take action to reduce the risk of infectious
diseases through regulation. Effective prevention of infectious diseases is to strengthen the body's
immune system [14]. The government and the Health Service collaborate in preventing infectious
disease problems. Such as vaccination, socializing about the dangers of typhoid, conducting outreach,
patient quarantine, and analyzing previous incidences of infectious diseases in each area [15] [16].
Therefore, various cluster methods with cluster-based spatial analysis approach with machine learning
analysis models [17][18]. he research area in North Aceh Regency is one of the areas that will be the
object of research to look at the growth of infectious diseases in children's respiratory tract [19].

The research analysis aims to look at the incidence of infectious diseases between regions to see
the relationship between infectious diseases and various environmental factors. Includes regional
geographic factors and weather condition factors in various fields. Next, the study model looks at
regional growth using the k-means clustering model and morans spatial analysis, which can show
distribution patterns originating from the Local Indicator of Spatial Association (LISA) [20]. The
results of cluster analysis can be a reference in making important decisions in cluster-based analysis of
the growth of infectious diseases. They can be seen based on clustering pattern analysis for each region
where respiratory diseases spread [21] [22]. To improve performance analysis of clustering results in
viewing the growth of each region [23][24]. Spatial Analysis can measure and identify spatial patterns
of cancer in an area. spatial data analysis in viewing deaths due to infectious disease sufferers [25].

This data must have information about geographic location based on coordinates or administrative
area codes. Global indices, such as Moran's I, measure the extent to which variable values across
regions show spatial interconnectedness. The results of the Spatial Autocorrelation analysis can
determine the value and range of indexes in a variable where high values tend to be close to low values
and vice versa [26][27].

This research explains the analysis of infectious diseases and the impact of infectious disease events
in a region. Analysis of infectious diseases can be seen in each region with cluster results. The cluster
results for an area can be used to see the growth pattern of infectious diseases in children and to see
the distribution pattern of these infectious diseases [28] [29]. Clustering analysis can be used in various
segmentation of growth patterns, distribution, anomaly detection, and event analysis to detect the level
of danger and growth of disease in each region[30] [31]. Understanding cluster patterns in collecting
data on the incidence of infectious diseases in the community in each region and relating to patient
history in detecting distribution patterns and understanding growth patterns of infectious diseases[32].

Analysis of the seasonal growth of infectious diseases for each region affected by respiratory
infectious diseases [33]. There is a correlation between the results regarding the interpretation of
disease incidence data, such as the relationship between patterns of how growth is transmitted and how
it is transmitted. This influences the incidence of infectious diseases in an area [34]. It is difficult to
analyze the incidence of infectious diseases using various factors in the spread of infectious diseases,
such as environmental, climate and geographic factors. Even if seen from regional cluster analysis,
regional condition factors can influence the cluster growth of infectious diseases in a region and sub-
district [35]. There is a clustering model process by calculating the distance between each data and the
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center of disease growth. This cluster model analysis can see the distribution obtained from the
closeness of the growth of infectious disease incidence between regions that are related to each other
[36] [37]. One solution for analyzing events uses a cluster-based spatial analysis approach. The cluster
results for each region can show the grouping of events that occur in each region in the growth of an
infectious disease [38].

By analyzing clusters in each region, this research found factors that are interrelated with the
incidence between clusters and thus influence the growth pattern of infectious diseases [39]. Analysis
of infectious disease incidence can be used on various incident factors in the fields of health, medical
education, and biology. This approach has been applied in various fields, including business, education,
and biology [17] [40][41].

Analysis of the growth of the spread of infectious diseases in several studies was carried out to
collect data regarding the risk of disease spread through the level of interaction between patients
affected by infectious and non-infectious diseases. The model used in clustering analysis can explore
whether an infectious disease is contagious by looking at the transmission of infectious diseases with
human interactions detected in each region [42]. Subsequent research presents a model for identifying
potential outbreaks of infectious diseases based on groupings seen by genetic factors and evaluates
models that are interrelated in these diseases that can be tested in actual practice. There is a cluster base
in disease analysis based on sensors for various diseases [30]. Subsequent research applied cluster
analysis to variables seen from the analysis of the incidence of infectious patients, predicting the high
rate of spread of respiratory infections [33].Infection characteristics to identify the spread of disease
through bloodstream infections and the main factors. Visual growth analysis can be seen effectively
from time, region and infectious disease to the incidence of infectious disease in clusters for each
region. [43] [44][45].

Methods
Data Collecting and Preprocessing

Data collection on pediatric infectious disease cases was conducted at Cut Mutia Hospital, North
Aceh District. The data collected were all epidemic data related to infectious diseases in children that
occurred in the last 3 years, starting from 2021 to 2023. The data obtained from the hospital is then
cleaned and prepared according to the research needs. The data cleaning process is carried out with
Python Programming using the Jupyter Notebook IDE. The important variables used in this study are
the type of disease, number of cases, sub-district and time.

Clusterization

Grouping data on respiratory infections in children in the North Aceh district using the K-Means
method based on grouping geographic areas based on their characteristics. The variables used are type
of disease, number of cases, sub-district, and time. The K-Means algorithm functions to partition data
into several clusters with similar distribution patterns of disease cases. This process includes data
normalization, calculating the distance between each data point based on the attributes used as
clustering parameters, determining the number of clusters, and grouping the data. Several stages are
shown in Figure 1.
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Figure 1. Clusterization stage

Each cluster that has been formed is then analyzed to obtain the characteristics of each cluster. This
process involves 4 stages including: (1) min-max normalization to convert case data into a range of 1-
100, (2) cluster average scoring to determine the average value of features in each cluster, (3)
categorization to determine the category of case severity in a particular sub-district, and (4) find the
characteristic of cluster to determine the inherent characteristics of the cluster that has been formed.

Spasial Analysis

Spatial analysis was conducted using Moran's | method. This method is applied to each cluster
formed with Kmean at the clustering stage. This stage produces an index value that explains the spatial
dependence of disease spread/growth in each cluster.

Result and Discussion
Infectious disease data During 2021 - 2023

In this study, based on the medical records of the Cut Meutia Hospital in North Aceh, 1249 data
on cases of respiratory infectious diseases in children that occurred during the period 2021 to 2023
were obtained. This amount of data is the amount of data that has been cleaned and ready to be used
in research. This amount of data consists of 4 diseases including: Lung TB, Glandular TB, Bronchitis,
and ARI. Figure 1 shows the number of cases of each disease that occur each year.

Total cases per year
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Figure 2: Total cases per year
The cases that occurred were spread across 27 sub-districts in North Aceh. The number of cases

occurring in each sub-district varies each year for each type of disease. Details of the distribution of
the number of cases per sub-district for all types of diseases for 3 years are shown in Table 1.
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Table 1. Respiratory infectious disease data

2021 2022 2023 Total Cases

No sub-districts

pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 p4 pl p2 p3 pd
1 Baktiya 1 2 1 2 22 9 5 10 6 1 2 5 29 13 8 41
o Bakliya 0O 0 2 1 9 2 4 2 000 1 9 2 6 12
Barat
3 BandaBaro 0 0 0 0 O O O 1 0 0 O O O O O 1
4 CotGirek 2 4 0 1 6 19 6 8 1 1 0 2 9 23 6 18
5 Dewantara 5 O 4 0 6 4 5 2 1 0 3 1 12 7 12 14
g oeureudong o 5 5 o 5 10 1 4 0 0 0 0 6 10 1 10
Pase
Kuta
Mk 4 0 1 1 11 5 2 1 0 2 17 5 1 20
8 Langkahan 0 0 0 0 1 O 1 0 0 0 0 1 0 2 2
9 Lapang 1 0 0 0O 10 3 1 o0 1 2 0 1 12 3 1 12
10 Lhoksukon 8 0 15 5 30 0 16 18 7 0 1 0 45 1 32 68
11 Matangkuli 1 1 4 2 25 1 21 11 1 1 0 4 27 2 25 40
12 MuaraBatu 7 1 0 2 0 2 0 2 0 3 1 0 7 4 1 11
13 Meurah 5 1.9 9 0 0 11 0 0 0 1 3 5 2 21 14
Mulia
14 Nibong 2 0 4 2 14 0 9 4 0 0 0 3 16 0 13 22
15 Nisam o 4 1 1 6 2 3 3 0 0 1 2 6 7 5 10
g Nisam o 0 0 0 3 0 2 1 0 2 00 3 0 2 4
Antara
7 Paya 4 0 4 5 31 0 21 23 7 0 0 1 42 0 25 70
Bakong
18 PirakTimur 0 5 1 0 18 6 13 17 17 0 0 1 35 11 14 52
19 Samudera 16 5 6 3 29 5 53 35 4 2 6 8 49 16 65 87
20 Sawang O 0 0 0 4 0 3 1 1 3 00 5 0 3 6
21 Lhoksukon 8 0 15 5 30 0 16 18 7 0 1 O 45 1 32 68
22 Matangkuli 1 1 4 2 25 1 21 11 1 1 0 4 27 2 25 40
23 MuaraBau 7 1 0 2 0 2 0 2 0 3 1 0 7 4 1 1
24 Samudera 16 5 6 3 29 5 53 35 4 2 6 8 49 16 65 87
25 Tanahluas 8 O 9 8 20 2 27 41 2 2 6 6 30 8 42 79
26 TanahPasir 0 0 2 0 1 2 2 0 0 4 1 0 1 3 5 1

Sub Total Kasus 70 23 82 53 299 86 250 226 58 25 27 50 427 136 359 706

Total 228 861 160 1628

Information: P1:TBC Paru, P2 : TBC Kelenjar , P3 = Bronkities, P4= ISPA

Clusterization

Data clustering is done based on 4 features, namely: f1 (total cases of pulmonary tuberculosis per
district), f2 (total cases of glandular tuberculosis per district), f3 (total cases of bronchitis per district),
and f4 (total cases of ARI per district). The recommended number of clusters based on the silhoute
calculation is 3 clusters as shown in Figure 3(a) and the results of clustering areas using Kmeans are
shown in Figure 3(b):
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In Figure 3(b), the numbers contained in the cluster plot are sub-district numbers with an
explanation that can be seen in Table 1. Based on the clustering results, cluster 1 consists of 18 sub-
districts, Cluster 2 consists of 3 sub-districts and cluster 3 consists of 6 sub-districts. The following is
a list of clusters and their sub-districts.

Table 2. Results of region clustering

Cluster  Sub-districts
Baktiya Barat, Banda Baro, Cot Girek, Dewantara, Geureudong Pase, Kuta

Makmur, Langkahan, Lapang, Muara Batu, Meurah Mulia, Nibong, Nisam,

1 Nisam Antara, Sawang, Seunudon, Simpang Keramat, Syamtalira Bayu,
Tanah Pasir

2 Samudera, Syamtalira Aron, Tanah Luas

3 Baktiya, Tanah Jambo Aye, Lhoksukon, Matangkuli, Paya Bakong, Pirak

Timur

Cluster Analysis
- Min-max normalization

The total case data of each disease in all sub-districts is normalized into values with a range of 1-
100 using the Min-max normalization method. This is done to simplify the categorization process. The
normalization results are shown in the following table:

Table 3. Min-max normalization

No District F1 F2 F3 F4 Cluster
1 Baktiya 18.36735 8.33333333 9.2307692  7.272727 3
2 Baktiya Barat 0 0 0 1.818182 1
3 Banda Baro 18.36735 100 9.2307692 20 1
4 Cot Girek 24.4898 16.6666667 18.461538 5.454545 1
5 Dewantara 12.2449 41.6666667 1.5384615 7.272727 1
6 Geureudong Pase 34.69388 25 1.5384615 9.090909 1
21  Lhoksukon 10.20408 4.16666667 32.307692 21.81818 3
22  Matangkuli 32.65306 0 20 16.36364 3
23 Muara Batu 12.2449 25 7.6923077  10.90909 1
24  Samudera 100 50 100 83.63636 2
25 Tanah Luas 71.42857 45.8333333 21.538462 32.72727 2
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26  Paya Bakong 73.46939 4.16666667 16.923077 12.72727 1

- Cluster average scoring
Based on the data in Table 2, the average value for each feature in each cluster is calculated. The
results obtained at this stage are shown in the following table:

Table 4. Cluster average scoring
Cluster  Average (f1) Average (f2) Average (f3) Average (f4)

1 31.85941043 21.2962963 14.95726496 16.76767677
2 39.45578231 20.83333333 38.97435897 30.90909091
3 29.93197279 18.75 27.69230769 33.93939394

- Categorization

Feature categorization was done into 3 groups, namely: (i) Low with a mean feature value < 34,
(if) Medium with a mean feature value < 77, and (iii) High with a mean feature value >= 77. The
categorization results based on these rules are shown in the following table:

Table 5. Categorization

Cluster  (f1) Lung TB (f2) Glandular TB (f3) Bronchitis (f4) ARI
1 Low Low Low Low
2 High Medium High High
3 High Low Medium Medium

- Find the characteristics
Based on the categorization results, the characteristics for each cluster are obtained as follows:
1. Cluster 1 is a cluster with a low number of cases for all types of diseases.
2. Cluster2 is a cluster with a high number of cases for Lung TB, Bronchitis, and ARI, while for
the case of Glandular TB the number of cases is moderate.
3. Cluster 3 is a cluster with a high number of cases for Lung TB, a low number of cases for
Glandular TB, and a medium number of cases for Bronchitis and ARI.

Spasial Analysis
Based on the results of regional clustering shown in table 2, a spatial map of disease distribution
patterns is formed as follows:

Figure 4. Spatial map of cIUstering results

The green color on the map is cluster 1, the red color on the map is cluster 2, and the orange color
on the map is cluster 3. The number on the map is the sub-district number as described in table 1.
Spatial analysis was conducted to see the spatial influence on disease spread. The analysis was
conducted using the Moran's | method, the results of the analysis are shown in the following table.
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Table 6. Analisis Moran’s |

Cluster District Moran’s | Information
1 Baktiya Barat, Banda Baro, Cot Girek, -0.01091 Ketergantungan
Dewantara, Geureudong Pase, Kuta Makmur, Spasial Negative
Langkahan, Lapang, Muara Batu, Meurah terhadap penyebaran
Mulia, Nibong, Nisam, Nisam Antara, penyakit
Sawang, Seunudon, Simpang Keramat, Pola Dispered
Syamtalira Bayu, Tanah Pasir
2 Samudera, Syamtalira Aron, Tanah Luas 0.675138  Ketergantungan
Spasial Positif
terhadap penyebaran
penyakit
Pola Clustered Kuat
3 Baktiya, Tanah Jambo Aye, Lhoksukon, 0.303281  Ketergantungan
Matangkuli, Paya Bakong, Pirak Timur Spasial Positif Pola
Clustered Lemah
Discussion

In this study, we conducted a cluster-based analysis to investigate the growth/spread pattern of
respiratory infectious diseases in children in North Aceh district. Our data shows that there are 4 types
of respiratory infectious diseases in children that occur frequently and spread across 27 sub-districts,
including: Lung TB, Glandular TB, Bronchities, and ARI. The number of cases varies for each year
and type of disease.

Based on the data obtained, we conducted regional clustering based on the frequency of cases of
the four diseases for three years. As a result, 3 regional clusters with distinctive characteristics were
formed. Cluster 1 was formed by 18 subdistricts with a low number of cases for all four diseases.
Cluster 2 was formed by 3 sub-districts with a high number of cases for Lung TB, Bronchitis, ARI,
and a medium number of cases for Glandular TB. Cluster 3 is formed by 6 sub-districts with a medium
number of cases for Bronchitis, ARI, a low number of cases for Glandular TB disease, and a high
number of cases for Lung TB disease.

The spatial map formed from the clusterization results shows a neat pattern in each cluster formed.
Clusters 2 and 3 form a clustering pattern, each sub-district that is a member of clusters 2 and 3 are
sub-districts that border each other. while cluster 1 forms a disperse pattern.

The results of spatial analysis using Moran's | indicate that clusters 2 and 3 are clusters with positive
spatial dependence, which means that the growth / spread of disease is influenced by spatial factors.
While cluster 1 is a cluster with negative spatial dependence, which means that the growth/spread of
the disease is not influenced by spatial factors.

If you look at the spatial pattern formed on the map shown in Figure 6, the sub-district area
represented by numbers 2, 9, 21 and 27 is an area that is very potential for an increase in the number
of infectious disease cases, because the 4 sub-districts are crushed by 2 clusters with a high number of
cases of child infectious diseases, and based on the results of Moran's | calculation, the two clusters
have a clustered pattern.

Conclusion

Based on the results of Kmeans and Moran's | analysis, the growth/distribution of respiratory
infectious diseases in children in North Aceh is divided into 2 patterns, namely: Clustered pattern with
positive spatial dependence and dispered with negative spatial dependence. The clustered pattern
occurs in clusters 2 and 3, while the dispered pattern occurs in cluster 1. Based on the observation of
the map of the results of regional clustering and Moran's | for clusters 2 and 3, it is concluded that sub-
districts with number 2 (Baktiya Barat), number 9 (Lapang), number 21 (Seunudon), and number 27
(Tanah pasir) are sub-districts that have great potential for the spread of infectious diseases in children,
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because the existence of the four sub-districts is crushed by two clusters with positive spatial
dependence on the spread of infectious diseases in children.
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