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Abstract 

ISPA disease can be detected by analyzing the regional distribution map of the disease. Early detection of ARI is very important 
for effective prevention. The study conducted in Bireuen Regency used data from 2019 to 2021, sourced from dr. Fauziah 

Bireuen Hospital, revealed that there was an increase in ARI cases from an average of 13.18 to 59.24 per year. The aims of 
the study were to identify ARI clusters, analyze disease patterns using Spatial Pattern Analysis and Flexible Shaped Spatial 
Scanning Statistics. The methodology involves collecting patient data for each ARI case and processing it using DBSCAN to 
obtain cluster points on the map. Spatial Pattern Analysis is used to analyze these clusters and identify hotspot points on the 
map. The analysis resulted in four clusters: Cluster 1 (6 subdistrict), Cluster 2 (4 subdistrict), Cluster 3 (1 subdistrict), and 
Cluster 4 (6 subdistrict). The study identified 6 hotspots in 2019, 5 hotspots in 2020, and 6 hotspots in 2021. Each ARI disease 
clustering map shows the distribution of ARI cases and identifies areas prone to the disease. These findings provide valuable 
insights for targeted interventions and preventive actions in identified high-risk areas of ISPA. 

Keywords: clustering; DBCAN; distribution pattern detection; ISPA; mapping

1. Introduction 

ISPA is an infectious disease characterized by acute 

infection of the respiratory [1]. One of the factors that 

causes the transmission of ISPA is the density of 

residence [2]. In addition, according to WHO, the lack 

of infection control in the distribution is also becomes a 

factor that cannot be underestimated by the relevant 

agencies [3], [4]. 

Machine learning is an extraction process algorithm 

[5],[6]. The process of extracting data to find 

information from existing datasets using clustering 

method to detect the patterns of disease distribution 
[7],[8]. The DBSCAN algorithm is used as a clustering 

analysis calculation. Meanwhile, Spatial Pattern 

Analysis and Flexibly Shaped Spatial Scan Statistics are 

used to detect the distribution patterns [9]–[11].  

Clustering is a form of analysis of object density in 

finding patterns of disease distribution in sub-district 

points to determine and analyze the distance measure of 

one point to another by using the clustering method 

[12]–[16]. A model that can see the number of ISPA 

patients and the factors that are hypothesized has an 
influence to it by combining the Flexibly Shaped 

Spatial Scan Statistics model and mapping. This model 

has a process of mean and variance values of the 

response variables for the detection patterns of the 

disease distribution [17]–[21]. 

The research of Teguh et.al., There were five clusters of 

ISPA disease in 2020, according to a study of illness 

distribution data using a density-based spatial clustering 

technique with noise. The highest areas found in Cluster 

1 are Purwakarta and Babakancikao [22],[23]. In the 

research conducted by Niswatul, et al, carried out the 
detection analysis of a pattern of ISPA distribution as 

an Impact of the Oil and Gas Industry by using Spatial 

Pattern Analysis and Flexibly Shaped Spatial Scan 

Statistics, there are sub-districts that are most affected 

by ISPA and these areas are included in quadrant I 

(HH), namely Trucuk, Bojonegoro and Kapas.  

The test of Moran's I index resulted in spatial 

autocorrelation in 2012 and 2013 has a significant value 

at α> 5%, in 2014 and 2015 also has a significant at α> 
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5%, no more than 15%. The sub-districts that become 

hotspots for ISPA disease include areas that are 
included in quadrant I (HH), namely Trucuk, 

Bojonegoro and Kapas. By using the Flexible Shaped 

Spatial Scan Statistical method, it obtained 3 significant 

ISPA criterias [23]. 

The next research in Modeling and Mapping the number 

of DBD (Dengue Fever) Cases in Surabaya City using 

the Geographicaly Binomial Regression model and 

Flexibly Shaped Spatial Scan Statistics. The results of 

this research is to find the areas affected by DDB with 

three clusters namely vulnerable, moderate and safe 

areas. The sub-district that the most affected by DHF is 

the Benowo area which has a relative risk value of 2.34. 
Based on the results of the elaboration of previous 

research, clustering analysis can be carried out in 

mapping by using the DBSCAN method and for the 

detection of distribution patterns is using a combination 

of the two methods, namely Spatial Pattern Analysis 

and Flexibly Shaped Spatial Scan Statistics. 

This research aimed to find out the clusters and 

distribution patterns in the district of Bireuen. The 

results of this study are expected to be used as a 

reference in policies on preventing the spread of ARI. 

The data used in this study were ISPA patient data taken 
from the medical records of dr. Fauziah Hospital, 

Bireuen District, Aceh. 

2. Research Methods 

This research was conducted at dr. Fauziah Hospital, 

Bireuen. The data will be collected, processed and 

analyzed to obtain results in a form of information that 

will be used for mapping the ISPA diseases in Bireuen 

Regency. The presentation of this data will be formed 

in an image visualization of mapping the ISPA disease. 

The data used in this research were ISPA patient data 

taken from the medical records of dr. Fauziah Hospital, 

Bireuen Regency, Aceh. The data will be analyzed 

using the three methods that have been described. 

2.1. Research Framework of DBSCAN 

Data analysis was carried out in three steps. The first 

step is mapping. At this step, mapping is carried out by 

clustering the data by using DBSCAN to obtain the 

mapping results for each region or area where the 

research is conducted. The next step is carried out by 

analyzing the clustering data by using the Density 

Based Spatial Clustering of Applications with Noise 

(DBSCAN) algorithm. By calculating the eps, minpts 

and neighborhood to determine homogeneous clusters. 
After that mapping can be carried out from the results 

of cluster analysis. The framework research of 

DBSCAN can be seen in Figure 1. 

 

Figure 1. ISPA Disease DBSCAN Mapping Steps 

Based on Figure 1, the first thing to do in the research 

was to collect the ISPA data at dr. Fauziah. Hospital 
Then the data obtained is formed into a dataset so that 

it can be analyzed using Python. Then determine the 

eps, which is the desired density and minpts, which is 

the minimum number of samples for each calculated 

data.  

The method for determining eps and minpts can go 

through steps including by deciding on a neighborhood, 

then choosing a centroid, dividing the data points into 

sub-regions, then calculating the distance between the 

centroid and the sub-region, then calculating the 

distance and average to find a neighborhood. 

After finding the neighborhood, then use the Density 

Based Spatial Clustering of Application with Noise 

method to the data. Removing noise and finding 

homogeneous clusters or the same group will form 

clusters. If no clusters formed, then repeat the 

DBSCAN clustering steps again and if it's has a cluster 

formed, you can immediately do the mapping. 

The second step is the diagnosis of distribution patterns 

by using the Spatial Pattern Analysis and Flexibly 

Shaped Spatial Scan Statistics methods. This step is 

carried out to find out the diagnosis in distribution of 

patients. So it will provide the pattern of the spread of 

ISPA in the area researched.  

The step begins with measuring the similiarity of the 

symptoms of the disease. Furthermore, measurements 

of local similarity and global similarity were carried out 

to find the highest similarity of the data. All stages of 

this diagnosis are stored in the base case.  
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The research scheme at this step can be seen in Figure 

2. 

 

Figure 2. Diagnosis Step 

In Figure 2, there are the steps for carrying out the 

diagnosis. Starts with finding a new problem, namely 

the ISPA disease, then measuring the local similarity to 

find the highest similarity data. The problems found are 
sent out to the experts to find a diagnosis of it. The 

results are stored in a base case where in this case is a 

database to store the data. ISPA disease data obtained 

from the diagnosis is used for the final step. 

The last step is to combine the first and second step so 

that a more complex data analysis scheme is obtained. 

This step is will be used as a reference for the 

researchers in conducting research to find a maximum 

results. This combined scheme can be seen in Figure 3. 

 

Figure 3. Mapping and Diagnostics Combined  

In Figure 3 explained that at this step the clustering 
results from database and the diagnoses in the base case 

are processed by using Python programming. The 

results of data collection and the analysis of the results 

by using Python will produce a visualization of 

information in form of a map. 

At this step, the calculation will be carried out to 

process and analyze the data so it can be used to obtain 

the information needed. Through this step, the data will 

be processed in three methods according to the research 

framework. The results of the data analyzed will 

provide an information about the ISPA disease mapping 

in Bireuen Regency. 

2.2. Calculation Formulas 

DBSCAN is a clustering algorithm that carried out with 

datasets based on the density of distances between 

objects [24]. 

The advantage of DBSCAN is it can detect 
outliers/noises. Formula 1 is the calculation of the 

distances on DBSCAN is using the Euclidean Distance 

formula. 

Distance = √(𝑥 − 𝑥𝑝)2 + (𝑦 − 𝑦𝑝)2           (1) 

with x and y as coordinates of the axes of the destination 

point. Xp and yp as the coordinates of the axis point. 

Spatial Pattern is the result of a physical or social 
process of any location that occurs on the surface of the 

earth. The statistical concept of a pattern shows how 

geographical objects are distributed [25]. 

The calculation of the value of Moran's I is stated 

in Formula 2: 

𝐼 =  
𝑁

∑ 𝑖 ∑ 𝑗 𝑤𝑖𝑗
 
∑ 𝑖 ∑ 𝑗 𝑤𝑖𝑗(𝑋𝑖− 𝑋̅)(𝑋𝑖− 𝑋̅) 

∑ 𝑖 (𝑋𝑖− 𝑋̅)2               (2) 

with Moran's Value denoted by I. N represents the 

number of incident locations. Values at the event 

location are denoted by xj and xi. 𝑋̅ is the average 

number of all variables. And wij is a weighting element 

between the incident locations.  
Then carry out the calculations for the statistical 

expectation value E(I) in Formula 3. 

𝐸(𝐼) =  
1

(𝑛−1)
                  (3) 

where E(I) is the statistical expectation value. And N is 

the number of the events. Next, calculate the value of 

the continuity element C in Formula 4. 

𝐶 =  ∑ 𝐶 ∑ 𝐶𝑖𝑗𝑛
𝑗=1

𝑛
𝑖=1   

 

𝑆1 =  
∑ 𝐶 ∑ (𝐶𝑖𝑗+𝐶𝑗𝑖)2𝑛

𝑗=1
𝑛
𝑖=1

2
               (4) 

where Cij is the value of the continuity element. While 

the total value of the incident location is denoted by Ci 

and Cj. Then do the calculation for the variance value 

Var(I) in Formula 5. 

𝑉𝑎𝑟(𝐼) =  
𝑛2𝑆−𝑛𝑆2+3(𝐶)2

(𝐶)2(𝑛2−1)
               (5) 
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where Var(I) is the variance value. The number of the 

events are denoted by n. S represents the standard 
deviation and C is the value of the continuity element. 

Then perform the statistical tests on the parameters Ii 

based on the conditions if H0 is Ii equal to E(Ii) then 

there is no spatial autocorrelation at location -i. If H1 is 

Ii not equal to E(Ii) then there is spatial autocorrelation 

at location -i. 

To find out the distribution pattern formed based on the 

index value can be seen in table 1 [26]. 

Table 1. Moran's I Index 

Value I Information 

I > 0 Cluster Patterns (has many values in common) 

I < 0 Random Patterns (value is unclear) 

I = 0 Spread Patterns (high and low values spread 

over the data) 

Then the next equation obtained can be seen in formula 

6. 

𝑍(𝐼) =  
𝐼 − 𝐸(𝐼) 

√𝑉𝑎𝑟 (𝐼)
                (6) 

where I is Moran's value. Z(I) is the value of the statistic 
test. E(I) is the expected value of the test and Var(I) is 

the variance. 

Flexibly Shaped Spatial Scan Statistics is a statistical 

technique for detecting clusters in form of aggregated 

data. The statistical test used the hypothesis of Monte 

Carlo approach with the condition if H0 is E(X(z)) equal 

to (z) for all Z where area Z is not an area of the 

distribution of ISPA. If H1 is E(X(z)) higher than (z) 

for some Z where area Z is an area of the distribution of 

ISPA disease. 

For each Z, the likelihood was calculated to observe the 

number of hotspots inside and outside Z areas. 

Statistical tests were conducted by using likelihood 

ratio tests as seen in Formula 7. 

 = [
𝑥(𝑧)

(𝑧)
]

𝑥(𝑧)

  [
𝑥(𝑍𝑐)

(𝑍𝑐)
]

𝑥(𝑧𝑐)

 𝐼 [𝑥(𝑧)

(𝑧)
 >  𝑥(𝑧𝑐)

(𝑧𝑐)
]              (7) 

where  which represents the statistic tests. Zc 

represents the area outside the Z area. The total average 

number of spreading points is denoted by x(.) and the 

indicator function is denoted by I(.) with 1 value if Z 

has a greater probability and 0 otherwise. 

To find the predicted value or p-value, the first step is 

to find the lowest log likelihood ratio value t0. The 

second step is to create a random data of the same size 

on the real dataset under conditions H0. The third step 
is to find a random data values by scanning the Z 

window based on conditions H0. The fourth step is to 

take the log likelihood ratio value from the scanning 

window and then calculate the highest log likelihood 

ratio value from the first random data simulation. The 

next step is repeatoing the second to fourth steps m 

times of iteration or simulation, to obtain the highest 

number of log likelihood ratio values from random data 

and the real data.  

Next, calculations are carried out to calculate the p-

value can be seen in Formula 8. 

𝑝 − 𝑣𝑎𝑙𝑢𝑒 =  
𝑁 (𝑇(𝑥)≥𝑡0) 

𝑚+1
                       (8) 

where T represents the sum of the log values. Data 

values are denoted by x. t0 is the log likelihood value 

that has the highest ratio. And m is the number of 

simulations carried out in the research. 

2.3. Dataset 

The dataset used in this research is the data that has been 

collected from the medical records of ISPA patients at 

dr. Fauziah Hospital in Bireuen. The data collected 

consists of 3 years, namely 2019, 2020 and 2021. The 

dataset for DBSCAN calculations uses patient address 

data. Where sub-district data is converted into a latitude 

data and longitude so that the clustering calculations can 
be carried out. The dataset for clustering calculations 

can be seen in table 2. 

Table 2. ISPA location Dataset 

No Sub-District latitude longitude 

P-1 Kuala 5.2165785 96.7197807 

P-2 Peudada 5.0718905 96.5684513 

P-3 Peusangan  5.1975061 96.7781702 

P-4 Juli 5.0807985 96.6990411 

P-5 Gandapura 5.2264184 96.8818435 

P-6 Kota Juang 5.1958923 96.7203622 

P-7 Jangka 5.2281504 96.7954511 

… … … … 

… … … … 

P-147 Jeumpa 5.1046072 96.6389621 

The dataset used in the calculations for the detection of 

distribution patterns. Where the data used is the number 

of cases, the dataset used is the number of cases of ISPA 

in each sub-district. The dataset used for Moran's I 
calculations and the Monte Carlo statistical test is the 

dataset of the number of cases per district. 

The dataset used for calculating SHP in mapping. 

Where the keywords in the dataset must be adjusted to 

the keywords in the data in Bireuen map table. The 

dataset included in the SHP map can be seen in table 3. 

Table 3. ISPA Dataset 

FID Sub-District 
ISPA

2019 

ISPA

2020 

ISPA

2021 

ISPA 

2022 

19 
Peusangan 

Selatan 
7 8 26 41 

20 
Peusangan 

siblah krueng 
9 12 42 63 

21 Juli 29 20 104 153 

22 Peulimbang 11 8 38 57 

23 Pandrah 14 17 110 141 

24 Jeunieb 52 46 235 333 

26 Peudada 26 18 70 114 

28 Kotajuang 13 5 40 58 

29 Makmur 7 5 13 25 

32 Jeumpa 14 13 42 69 
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FID Sub-District 
ISPA

2019 

ISPA

2020 

ISPA

2021 

ISPA 

2022 

33 
Simpang 

mamplam 
4 3 15 22 

36 Peusangan 36 42 155 233 

38 Kuala 2 4 14 20 

42 Kutablang 2 2 12 16 

44 Gandapura 8 10 33 51 

45 Jangka 11 3 24 38 

The dataset in table 3 is ready to be processed and 

analyzed to obtain the calculation results and to find a 

useful information which is the result of research. 

Datasets processed by using Python are converted into 

csv format and datasets for SHP used an excel-97 

format. For pattern detection calculations, you can use 

the conventioanl Excel format. 

3.  Results and Discussion 

Mapping systems or known as Geographic Information 

Systems are widely used in health sector. For example, 

on the map of disease distribution patterns. Analysis in 

mapping system is carried out by processing data from 

various regions.  

The data collected is in form of the number of cases of 

ISPA disease in a certain area. Based on the data 

obtained, a mapping system can be created so that 

information on the data can be used for decision making 

and policy. 

There are many clustering methods that are often used 

for the clustering process to map the distribution of a 

disease. One of the methods used is Density Based 

Spatial Clustering of Application with Noise or known 

as DBSCAN. In this research, researcher used 

DBSCAN, the results will be obtained in form of 

grouping based on clusters in the affected areas. Then 

the number of clusters with the distribution area of the 

disease is obtained. However, it is not possible to know 

which indications are safe or unsafe in the distribution 

area. 

To find out the risk of distribution and prone of a 
disease area, two methods are used together, namely 

Spatial Pattern Analysis and Flexibly Shaped Spatial 

Scan Statistics. By combining these two methods, 

spatial autocorrelation and hotspot detection can be 

carried out to determine the indications of areas that are 

safe, prone and unsafe for a disease as well as the 

relative amount of risk in each type of these areas. 

However, it is not possible to know the distribution 

cluster clusters in ISPA disease. 

3.1. Data Analysis and Calculations 

DBSCAN calculations used the data on the number of 
ISPA cases in dr. Fauziah Hospital, Bireuen over of 3 

years period. The 3 years taken are from 2019 to 2021. 

The data of ISPA disease is obtained from patient 

medical records and processed by using the DBSCAN 

method to obtain the clustering results. 

The variable used to determine clustering on the 

mapping is the district area. There are a total of 17 sub-
districts in Bireuen Regency. These sub-districts are 

Gandapura, Jangka, Jeumpa, Jeunieb, Juli, Kota Juang, 

Kuala, Kuta Blang, Makmur, Pandrah, Peudada, 

Peulimbang, Peusangan, Peusangan Selatan, Peusangan 

Siblah Krueng, Samalanga, and Simpang Mamplam. 

Table 4. Initial Centroid 

Initial Cluster Centroid 

C1 Gandapura 

C2 Jangka 

C3 Jeumpa 

C4 Jeunieb 

C5 Juli 

C6 Kota Juang 

C7 Kuala 

C8 Kuta Blang 

C9 Makmur 

C10 Pandrah 

C11 Peudada 

C12 Peulimbang 

C13 Peusangan 

C14 Peusangan Selatan 

C15 Peusangan Siblah Krueng 

C16 Samalanga 

C17 Simpang Mamplam 

Based on Table 4, it obtains a number of clusters formed 

based on the minimum number of samples and epsilon 

that has been determined, namely into 4 groups divided 

into 3 clusters and 1 noise. In addition to the number of 

clusters that are formed, the results of Density Based 
Spatial Clustering of Application with Noise 

calculations also show which points are included in 

each cluster. The results of the clusters and the centroid 

formed can be seen in table 5. 

Table 5. Clustering Results 

Grouping Cluster Centroid 

Cluster 0 (noise) C1, C2, C6, C7, C8, C13 

Cluster 1 C4, C10, C11, C12,C16, C17 

Cluster 2 C3, C5, C14, C15 

Cluster 3 C9 

In this method, the calculation is continued by 

calculating the statistical data per year. So in this 
method and also the next method, the data is processed 

based on each year, namely ISPA disease data for 2019, 

ISPA disease data for 2020, and ISPA disease data for 

2021 in all sub-districts in Bireuen Regency. 

In 2019, there were 4 sub-districts in Bireuen which had 

a very high number of cases, namely Kota Juang sub-

district with 49 cases. Then Peusangan sub-district with 

a total of 33 cases. Jeumpa sub-district with 27 cases 

and Kuala sub-district with 26 cases.  

Statistical data on ISPA cases from 2019 to 2021 in 

Bireuen Regency can be seen in table 6. 

Based on table 6, it shows that ISPA cases in Bireuen 
experienced a slight decrease from 2019 to 2020 with 

an average number of cases from 13.47 to 13.18. 



Mutammimul Ula, Tsania Asha Fadilah Daulay, Richki Hardi, Sujacka Retno, Angga Pratama, Ilham Sahputra 

Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi) Vol. 7 No. 3 (2023)  

 

DOI: https://doi.org/10.29207/resti.v7i3.4936 

Lisensi: Creative Commons Attribution 4.0 International (CC BY 4.0) 

738 

 

 

However, ISPA cases experienced a very high increase 

in 2021 with an average of 59.24. Where in 2021 there 
are 8 sub-districts with a very high number of cases, 

namely Kota Juang sub-district with 235 cases. Next is 

Peusangan sub-district with 181 cases. Then Juli sub-

district with 110 cases. Jeumpa sub-district with 104 

cases. Then Kuala subdistrict with 70 cases. 

Furthermore, Jangka and Peudada, each of it has 42 

cases.  

Table 6. Statitical data on ISPA cases 

Year Averag

e 

Median Std 

Deviation 

Min Max 

2019 13,47 9,00 12,99575723 2,00 49,00 

2020 13,18 8,00 13,95186051 2,00 48,00 

2021 59,24 38,00 64,15949794 8,00 235,00 

Next, the calculation is carried out by using the Moran 

I index. The results of the data analyzed by using the 

Moran's I Index can be seen in table 7. 

Table 7. Moran I index Results 

Year I E(I) var(I) Zvalue Pvalue 

2019 -0,2334 -0,625 0,0325 -0,94795 0,34315 

2020 -0,3224 -0,625 0,0322 -1,44807 0,14759 

2021 -0,1665 -0,625 0,0303 -0,55061 0,55061 

Next, the spatial autocorrelation process is carried out. 

Where spatial autocorrelation is a measure or 

correlation between an object variable and itself based 

on distance, time and region. The results of spatial 

autocorrelation process on ISPA disease data in Bireuen 

can be seen in table 8. 

Table 8. Spatial Autocorrelation Results 

Year H0 / H1 Information 

2019 H1 Has a spatial autocorrelation 

2020 H1 Has a spatial autocorrelation 

2021 H1 Has a spatial autocorrelation 

From the results of table 8, it can be seen that the data 

for 2019, 2020 and 2021 have the same information, 

namely there is a spatial autocorrelation. So the next 
step of data processing can be carried out. The Moran's 

I index value is in the range of -1 to 1, it is known that 

the spatial dependency between sub-districts related to 

ISPA cases is low. The results of the significance testing 

step to determine the distribution pattern can be seen in 

table 9. 

Table 9. Distribution Pattern of ISPA disease 

Year I I0 Correlation 

I with I0 

Conclusion 

2019 -0,233 -0,625 I > I0 Cluster Pattern 

2020 -0,322 -0,625 I > I0 Cluster Pattern 

2021 -0,166 -0,625 I > I0 Cluster Pattern 

From table 9, it can be seen the pattern of the 
distribution of ISPA in sub-district in Bireuen Regency 

in 2019, 2020 and 2021 is a cluster pattern. The 

clustered pattern is a pattern where the feature values in 

each district have a lot of similarities between each 

other. 

The significance level of ISPA disease in Bireuen 

Regency was carried out by using a Monte Carlo 
relative risk simulation method. The simulation method 

was carried out with a total of 99, 999, and 9999 

repetitions. The following are the results of the 

detection of ISPA disease with the Flexibly Shaped 

Spatial Scan Statistics Monte Carlo model. 

Table 10. Monte Carlo Calculation Results 

Year ISPA 

bags 

Number 

of Case 

Relative 

Risk 

Zvalue Pvalue 

2019 1 248 2,7 0,604 0,107 

2020 1 218 3,1 0,415 0,055 

2021 1 981 3,85 0,180 0,004 

In table 10, it can be seen that the number of ISPA bags 

produced in Bireuen Regency is 1 per year. The relative 
risk obtained in 2019 is 2.7. The relative risk for 2020 

is 3.1. And the relative risk in 2021 is 3.85 

3.2. Map Implementation Results 

System implementation is a calculation of data by using 

analytical techniques. In DBSCAN method, the data 

calculation step uses Python analysis is carried out by 

using the Google colaboratory web-based application. 

Python will provides the number of clusters formed in 

the analysis calculation in form of a Bireuen Regency 

map. The results of cluster mapping by using the 

DBSCAN method can be seen in Figure 4. 

 

Figure 4. Bireuen Regency Cluster Mapping Result 

The results in Figure 4 show that there are 4 clusters 

represented by 4 different colors. Cluster 0 in purple 

color has 6 sub-districts, namely Kuala sub-district, 

Kota Juang sub-district, Peusangan sub-district, Jangka 

sub-district, Kuta Blang sub-district and Gandapura 

sub-district. Cluster 1 in light blue color includes 
Samalanga sub-district, Simpang Mamplam sub-

district, Pandrah sub-district, Jeunieb sub-district, and 

Peudada sub-district. 

Cluster 2 in green color consists of Jeumpa sub-district, 

Juli sub-district, Peusangan Selatan sub-district, and 

Peusangan Siblah Krueng sub-district. Last, Cluster 3 

consist of Makmur sub-district which is represented by 

the red color on the map. 
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The Spatial Pattern Analysis method uses the ArcMap 

application in calculating and analyzing ISPA disease 
data. The results of the map that has been analyzed 

using Moran's Scatterplot Index can be seen in Figure 

5. 

Quadrant II Quadrant I

Quadrant III Quadrant IV

WZstd

Zstd

HLLL

LH HH

 

Figure 5. Moran’s Scatterplot Index 

Quadrant I or also called HH (High-High) shows the 

areas that have high observation values and surrounded 

by the areas with high values too. Quadrant II is called 

LH (Low-High) meaning that this quadrant shows areas 

that have low observation values but are surrounded by 

areas with high observation values.  

Quadrant III, also called LL (Low-Low), is a quadrant 

of an area with low observation values and also 

surrounded by areas with low observation values. 
Quadrant IV or called as HL (High-Low) shows areas 

with high observation values but surrounded by areas 

with low observation values. 

Based on Moran's Scatterplot Index, ISPA per sub-

district is distributed in Quadrant I to Quadrant IV. 

Quadrants I and Quadrant IV are classified as Hotspots 

while Quadrants II and Quadrant III are classified as 

Coldspots. 

The results of the observations in sub-districts in 

Bireuen Regency on the distribution of ISPA in 2019 

can be seen in Figure 6. 

 

Figure 6. ISPA Disease Analysis Results in 2019 

The results in Figure 6 show Quadrant I (HH) which is 

represented in dark red consist of Peulimbang sub-

district. Quadrant II (LH) in light blue consist of Jangka, 

Peusangan, Kuta Blang, and Peusangan Siblah Krueng 

sub-district. Quadrant III (LL) in dark blue includes 

Samalanga, Makmur and Gandapura districts. Quadrant 

IV (HL) with a light orange color consists of Simpang 
Mamplam, Pandrah, Jeunieb, Peudada, and Juli sub-

districts. 

 

Figure 7. ISPA Disease Analysis Results in 2020 

The results in Figure 7 show that Quadrant I (HH) 

which is represented in dark red, consist of Peulimbang 

sub-district. Quadrant II (LH) in light blue consist of 

Jeumpa, Peusangan, and Peusangan Siblah Krueng sub-

districts. Quadrant III (LL), which is represented in dark 
blue, includes Samalanga, Makmur and Gandapura sub-

districts. Quadrant IV (HL) with a light orange color 

consists of Simpang Mamplam, Pandrah, Jeunieb, and 

Kota Juang sub-districts. 

The results of the observations in sub-districts in 

Bireuen Regency on the distribution of ISPA in 2021 

can be seen in Figure 8. 

 

Figure 8. ISPA Disease Analysis Results in 2021 

The results in Figure 8 show Quadrant I (HH) in dark 

red consist of Simpang Mamplam, Pandrah, Jeunieb 

and Peulimbang sub-districts. The light blue quadrant II 

(LH) covers the areas of Samalanga, Jeumpa, 

Peusangan, Jangka, Kuta Blang, and Peusangan Siblah 

Krueng sub-districts. Quadrant III (LL) in dark blue 

includes the districts of Makmur and Gandapura. 

Quadrant IV (HL), which is represented in light orange, 

consists of the Juli sub-district and Kota Juang. 

The Flexibly Shaped Spatial Scan Statistics method also 

uses a mapping application called ArcMap. This 

method detects the areas that are hotspots for ISPA in 

Bireuen Regency. The territorial detection will generate 

a region partition. The regional partition formed will 
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later be used as a reference in determining the prone 

category for areas with ISPA.  

Based on the calculation of standard deviation, the 

category of disease susceptibility level is divided into 3 

category, namely prone, moderate and safe. Prone is an 

area that is easily affected by disease, moderate is an 

area that is not prone but also not a safe area, while the 

safe category is an area that is not prone to ISPA 

disease. 

The distribution of ISPA disease in 2019 in Bireuen 

Regency can be seen in Figure 9. 

 

Figure 8. The distribution of ISPA disease in 2019 

Based on Figure 9, it is known that there was 2 area 

detected where the area consist of Jeunieb sub-district 

and Peusangan sub-district. Furthermore, the 

distribution of ISPA disease in 2020 in Bireuen 

Regency can be seen in Figure 10. 

 

Figure 9. The distribution of ISPA disease in 

2020 

The results in Figure 10 show that the distribution of 

ISPA disease in 2020 has not changed from the 
distribution of ISPA disease in Bireuen Regency in the 

previous year, namely 2019. The distribution of ISPA 

disease in 2021 in Bireuen Regency can be seen in 

Figure 11. 

 

Figure 10. The distribution of ISPA disease in 

2021 

The results in Figure 11 show that there are 4 sub-

districts included in the distribution of ISPA disease in 

Bireuen Regency, including Jeunieb, Peudada, Juli, and 

Peusangan sub-districts. From the overall results of the 

distribution of ISPA disease in 2019, 2020 and 2021, 
conclusions can be drawn about which areas are 

classified as prone, moderate or safe areas. The results 

can be seen in Figure 12. 

 

Figure 11. ISPA Disease Prone Areas based on data in 2019-2021 

Based on Figure 12, it is known that the sub-districts 

that are classified as safe which are represented in green 

color on the map consist of Samalanga, Simpang 

Mamplam, Peulimbang, Jeumpa, Kuala, Kota Juang, 
Jangka, Kuta Blang, Peusangan Selatan, Peusangan 

Siblah Krueng, Makmur and Gandapura sub-districts. 

The sub-districts classified as moderate represented in 

colored yellow include the sub-districts of Pandrah, 

Peudada and Juli. Meanwhile the areas that need 

attention for and classified as a prone areas represented 

in red color consist of Jeunieb and Peusangan sub-

districts. 

4.  Conclusion 

The study's results in the distribution of the pattern of 

the incidence of ARI for quadrant I (HH) consisted of 

the mamplam, pandrah, jeunib, peulimbang 
intersections. Quadrant II (LH) sub-districts of 
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Samalanga, Jeumpa, Peusangan, Jangka, Kuta Blang, 

and Peusangan Siblah Krueng. Quadrant III (LL) 
Makmur District, Gandapura. Finally, Quadrant IV 

(HL) July, Juang City. Research results for the last three 

years with 1447 dataset cases. The effects of cluster 1 

with the DBSCAN model include six sub-districts, 

cluster 2 consists of 4 sub-districts, cluster 3 only has 

one sub-district and cluster 4 consists of 6 sub-districts. 

Based on the discussion, suggestions that be made for 

further related research are observations for clustering 

analysis focused on coordinate data of villages in 

Bireuen Regency so it will produce more detailed 

clustering points. It is also advisable to input the 

population data as a comparison with the number of 

cases of ISPA patients. 
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