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ABSTRACT

This study evaluates the performance of various algorithms in determining eligible recipients for the
Kartu Indonesia Sehat program. The Random Forest algorithm demonstrated the highest accuracy,
precision, and recall, with values of 72.08%, 72.41%, and 99.64%, respectively. The emphasis on
recall helps minimize errors in identifying eligible recipients. Additionally, the C4.5 algorithm
reduced the total number of variables from 33 to 8, highlighting its computational efficiency. The
findings provide valuable insights for the Social Affairs Office of Dumai City in making informed
decisions regarding KIS eligibility. The results underscore the effectiveness of using algorithmic
approaches to enhance the accuracy and efficiency of aid distribution processes.
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1. INTRODUCTION

The Kartu Indonesia Sehat (KIS) program, introduced by President Joko Widodo during his 2014
presidential campaign, is a major government initiative aimed at providing health insurance to Indonesian
citizens, particularly the poor and disadvantaged, with costs covered by the government (Maliangga et al.,
2019). This social assistance program enables low-income citizens to access free medical care at both
primary and advanced healthcare facilities (Arifin etal.,, 2021; Lestari et al., 2020). The selection process for
the KIS program remains flawed, resulting in many eligible individuals not receiving the assistance they
deserve (Huriah & Nuris, 2023; Junaidi et al., 2023). For example, some participants with high electricity
consumption and those with well-maintained buildings receive KIS aid, while others living in inadequate
conditions who meet the criteria are not registered as beneficiaries. Consequently, many qualified
individuals are not listed as KIS program recipients (Dina et al., 2023).

This study aims to implement a classification model that can evaluate whether a family qualifies for
assistance. The algorithms used in this model development include KNN, NBC, C4.5, and Random Forest
(Andrian et al., 2020; Azahari & Nursobah, 2021; Y. I. Kurniawan, 2018; Purwanto & Nugroho, 2023;
Wuryani & Agustiani, 2021). These algorithms are commonly applied to classify social assistance
beneficiaries (Badriah et al.,, 2021; Ramdani et al., 2022; Rosid et al., 2022). Moreover, they exhibit effective
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performance in data processing, computational simplicity, and satisfactory accuracy. The NBC algorithm
can produce probability values (Nurdin et al., 2021). The KNN algorithm generates values based on the
number of K (neighbors) tested (Ula et al.,, 2022). The C4.5 algorithm generates a decision tree to facilitate
decision-making (Harianto & Rosiyadi, 2020), and the Random Forest algorithm, which uses multiple
decision trees, is selected for its good performance and high accuracy in data classification. The
classification results will be compared to determine which algorithm demonstrates the most adequate
performance (Iman & Wijayanto, 2021; Nalatissifa et al., 2020; Widjiyati, 2021).

Several previous studies have utilized the KNN, NBC, C4.5, or Random Forest algorithms. For example,
Adzy et al. (2023) used the NBC algorithm to classify eligibility for government health insurance aid,
achieving an accuracy rate of 96.83%. Pristiawati et al. (2023) investigated the classification of beneficiaries
of the rice for the poor (raskin) program using KNN, NBC, and C4.5 methods, with the C4.5 method yielding
the highest accuracy and precision at 88.36% and 93.10%, respectively. Dina etal. (2023) applied the KNN,
NBC, and C4.5 algorithms to classify beneficiaries of the Program Keluarga Harapan (PKH), finding that C4.5
had the highest accuracy at 80.16%. 1. Kurniawan et al. (2023) utilized the Random Forest algorithm to
classify beneficiaries of the raskin program, achieving the highest accuracy at 97.26%.

2. MATERIALS AND METHODS

This research consists of three main phases. The first phase involves data collection, followed by data
preprocessing in the second phase, and the final phase includes modeling and evaluation. These research
phases can be seen in Figure 1.

data data modeling and
collection preprocessing evaluation

Figure 1. Research phases

2.1 Data Collection

The data for this study were sourced from the Social Affairs Office of Dumai City, Riau Province,
specifically from the Integrated Social Welfare Data for the period of January to December 2022, obtained
from Pangkalan Sesai, Dumai City.

2.2 Data Preprocessing

During the data preprocessing phase, data cleaning and transformation were performed. Data cleaning
addressed missing values by applying the filter example operator in Rapidminer 10.1. Additionally, for data
transformation, min-max normalization was employed, setting the minimum value to 0.0 and the maximum
value to 1.0. This standardization was implemented using the normalize operator in Rapidminer 10.1.

2.3 Modeling and Evaluation

In this study, four classification algorithm methods were utilized: NBC, K-NN, C4.5, and Random Forest.
The implementation of these algorithms was carried out using the RapidMiner application, as detailed
below:
1. NBC

The research employs the NBC process with the Laplace correction parameter to resolve the issue of

obtaining a probability score of zero.
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2. KNN
The K values tested in this study are 3, 5, 7,9, 11, 13, 15,17, 19, and 21. The Euclidean distance metric
was used for measuring distances.

3. C45
The parameters used in the C4.5 algorithm are listed in Table 1.

Table 1. Parameters of the C4.5 algorithm

Parameter Value
Criterion Information gain
Maximal Depth 5
Apply Pruning Confidence=0.5

4. Random Forest
The number of trees used is 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100. The other parameters applied in
the Random Forest algorithm are listed in Table 2.

Table 2. Parameters of the random forest algorithm

Parameter Value
Criterion Information gain
Maximal Depth 5
Apply Pruning Confidence=0.5

The validation method used is K-Fold Cross Validation with K = 10. The data is divided into 10 parts,
with each part being used as test data in turn, while the remaining parts are used as training data.
Performance is assessed based on accuracy (Equation 1), precision (Equation 2), and recall (Equation 3)
to provide a more stable and reliable evaluation.

Number of correct predictions

— (Equation 1)
Total number of predictions

Accuracy =

recision — True Positives (TP) (Equation 2)
TeCISIOn = e Positives (TP) + False Positives (FP)

True Positives (TP) }
Recall = — - (Equation 3)
True Positives (TP) + False Negatives (FN)

3. RESULTS AND DISCUSSION

The dataset acquired from the Social Affairs Office of Dumai City comprises 574 candidates for KIS
assistance in the Pangkalan Sesai Subdistrict. The selection process for potential KIS recipients is based on
33 variables, detailed in Table 4 and Table 5. The dataset indicates that 148 individuals received KIS
assistance, while 426 did not meet the eligibility criteria. The distribution of this data is illustrated in
Table 3, and sample data are presented in Table 6.

Table 3. Data distribution

Category Before Preprocessing After Preprocessing
KIS Recipients 148 88
Non-KIS Recipients 426 288
Total 574 376
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Table 4. KIS data variables

No Variable Code Description Details
1 Household AK1 Number of Aligning each family member in each house
members household members
2 Building status AK2  Building occupancy 1. Private ownership; 2. Rented/leased; 3. Free rent;
status 4, Service; 5. Others
3 Land status AK3 Land ownership 1. Private ownership; 2. Others' assets; 3. Government
status land; 4. Others
4  Floor AK4  Type of the most 1. Marble/granite; 2. Floor tiles;
extensive floor 3. Parquet/vinyl/carpet; 4. Tiles/terrazzo;
5. High-quality wood/planks; 6. Temporary/bricks;
7. Bamboo; 8. Soil
5 Wall AK5  Type of the most 1. Wall; 2. Bamboo weaving plaster; 3. Wood; 4. Bamboo
extensive wall weaving; 5. Wood stem; 6. Bamboo; 7. Others
6 Wall condition AK6  Condition of the 1. Good/high quality; 2. Poor/low quality
most extensive wall
7 Roof AK7 Type of the most 1. Concrete/concrete tile; 2. Ceramic tile; 3. Metal tile;
extensive roof 4. Clay tile; 5. Asbestos; 6. Zinc; 7. Shingle;
8. Bamboo; 9. Straw/thatched/leaves
8 Roof condition AK8  Condition of the 1. Good/high quality; 2. Poor/low quality
most extensive roof
9 Number of AK9  Number of Arranging the number of rooms in the house
rooms bedrooms
10 Drinkingwater =~ AK10  Source of drinking 1. Branded drink; 2. Refilled water; 3. Metered tape;
water 4. Retail tape; 5. Bore/pump water source; 6. Protected
water source; 7. Unprotected water source
11 Lightingsource  AK11 Main lighting source 1. PLN electricity; 2. non-PLN electricity; 3. non-
electricity
12 Power capacity = AK12 Installed power 1. 450-watt electricity; 2. 900-watt electricity;
capacity 3.1,300-watt electricity; 4. 2,200-watt electricity;
5.> 2,200-watt electricity; 6. non-electricity
13 Cooking fuel AK13  Main cooking 1. Electricity; 2. Using 3kg gas; 3. Gas below 3kg;
fuel/energy 4. City gas/biogas; 5. Fuel oil; 6. Briquettes;
7. Charcoal; 8. Firewood; 9. Not cooking
14  Toilet facility AK14  Use of toilet facility 1. Own; 2. Shared; 3. None
15 Toilet type AK15 Type of toilet 1. Goose neck; 2. Slope; 3. Cubluk; 4. Not using
16  Waste disposal AK16 Final disposal place 1. Tank; 2. Slope; 3. Soil hole; 4. Pond/field /river/
for feces lake/sea; 5. Ground/paddock/garden; 6. Others
17  Gas cylinder AK17  Owning a gas 1.Yes; 2. No
cylinder of 5.5 kg or
more
18  Refrigerator AK18 Owninga 1.Yes; 2. No
refrigerator
19  Air conditioner AK19  Owningan air 1.Yes; 2. No
conditioner
20  Water heater AK20 Owning a water 1.Yes; 2. No
heater
21  Telephone AK21 Owningahome 1.Yes; 2. No
telephone (PSTN)
22  Television AK22  Owning a television 1.Yes; 2. No
23 Gold/jewelry AK23  Owning 1.Yes; 2. No
gold/jewelry and
savings (worth 10
grams of gold)
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Table 5. KIS data variables (continued)

No Variable Code Description Details
24 Computer/ AK24  Owninga 1.Yes; 2.No
laptop computer/laptop
25  Bicycle AK25 Owninga bicycle 1.Yes; 2.No
26  Motorcycle AK26 Owninga 1.Yes; 2. No
motorcycle
27 Car AK27  Owninga car 1.Yes; 2. No
28 Boat AK28 Owning a boat 1.Yes; 2. No
29  Outboard motor AK29 Owningan outboard 1.Yes; 2. No
motor
30  Ship AK30  Owning a ship 1.Yes; 2. No
31 Immovable AK31 Household owning a.Land: 1. Yes; 2. No
assets immovable assets b. Dwelling elsewhere: 3. Yes; 4. No
32  Another house AK32 Household owning 1.Yes; 2. No
another house
33  Business status AK33  Any household 1.Yes; 2. No
member owning
their own/shared
business
Table 6. KIS sample data
AK1 AK2 AK3 AK7 AKS8 Status*
5 2 2 6 2 YES
4 NULL NULL NULL NULL YES
1 NULL NULL NULL NULL NO
1 NULL NULL NULL NULL NO
1 NULL NULL NULL NULL YES
1 NULL NULL NULL NULL NO
4 2 2 6 2 NO
1 NULL NULL NULL NULL YES
2 1 1 6 2 YES
4 1 1 6 2 YES
4 2 2 6 2 YES

*Status: if YES, the household receives the KIS program; if NO, the household does not receive the KIS program

3.1 Data Preprocessing Implementation

At this stage, data containing NULL values were removed, resulting in 376 remaining rows. There are
88 records labeled YES (received KIS program) and 288 records labeled NO (did not receive KIS program).
An example of dataset cleaning can be seen in Table 7, while a sample of the normalized data can be found

in Table 8.
Table 7. Sample of data cleaning

No AK1 AK2 AK3 AK4 AK5 AKe6 AK28 AK29 AK30 AK31 AK32 AK33 Status
1 5 2 2 6 3 2 4 2 4 2 4 1 YES
2 4 1 1 8 3 2 4 2 4 1 4 2 YES
3 4 2 2 6 1 2 4 2 4 2 4 2 NO
4 4 2 2 6 1 2 4 2 4 2 4 2 NO

375 4 2 6 1 2 4 2 4 2 4 0 NO

376 6 1 1 6 1 2 4 2 4 2 4 0 NO
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Table 8. Sample of data normalization

AK1 AK2 AK3 AK4 AK5 AK6 .. AK28 AK29 AK30 AK31 AK32 AK33 Status
5.0 2.0 2.0 6.0 3.0 20 . 4.0 2.0 4.0 2.0 4.0 1.0 YES
4.0 1.0 1.0 8.0 3.0 20 .. 4.0 2.0 4.0 1.0 4.0 2.0 YES
4.0 2.0 2.0 6.0 1.0 20 .. 4.0 2.0 4.0 2.0 4.0 2.0 NO
4.0 2.0 2.0 6.0 1.0 20 .. 4.0 2.0 4.0 2.0 4.0 2.0 NO
4.0 2.0 2.0 6.0 3.0 20 . 4.0 2.0 4.0 2.0 4.0 .0 NO
6.0 2.0 2.0 5.0 3.0 20 .. 4.0 2.0 4.0 2.0 4.0 .0 YES
4.0 2.0 2.0 6.0 1.0 20 .. 4.0 2.0 4.0 2.0 4.0 .0 NO
6.0 1.0 1.0 6.0 1.0 20 .. 4.0 2.0 4.0 2.0 4.0 .0 NO

3.2 Modeling and Evaluation Implementation

1. Performance of KNN
As shown in Table 9, the highest accuracy is achieved when the K value in KNN is 21, with an accuracy
of approximately 71.55%. The highest precision is obtained when the K value in KNN is 7, with a
precision of 72.09%. Meanwhile, the highest recall is observed when the K value in KNN is 21, with
recall reaching 98.89%. Additionally, the results of the KNN confusion matrix can be seen in Table 10.
Table 9. Performance of KNN
No K Accuracy Precision Recall
1 3 60,64% 70,78% 77,14%
2 5 61,69% 70,10% 81,57%
3 7 66,72% 72,09% 87,83%
4 9 65,43% 70,55% 89,31%
5 11 67,82% 71,46% 92,25%
6 13 67,80% 71,30% 92,62%
7 15 69,42% 71,68 % 95,21%
8 17 70,48 % 71,87% 97,04%
9 19 70,21% 71,80% 96,69%
10 21 71,55% 72,04% 98,89%
Table 10. Confusion matrix of KNN
true No true Yes
Pred. No 11 50
Pres. Yes 94 221
2. Performance of NBC
As shown in Table 11, the performance of NBC shows an accuracy of 66.49%, a precision of 71.13%,
and a recall of 90.04%. Additionally, the results of the NBC confusion matrix can be seen in Table 12.
Table 11. Performance of NBC
Accuracy Precision Recall
NBC 66,49% 71,13% 90,04%
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Table 12. Confusion matrix of NBC

true No true Yes
Pred. No 6 27
Pres. Yes 99 244

3. Performance of C4.5
As shown in Table 13, the performance of the C4.5 algorithm achieved an accuracy of 70.47%, a
precision of 71.84%, and a recall of 97.08%. The decision tree resulting from the C4.5 method can be
seen in Figure 2. Additionally, the results of the C4.5 confusion matrix can be found in Table 14.

Ada_motor_tempel

./
./ ,

7 —

Kondisi_dinding fasbab Kondisi_dinding
/‘ ?\\‘ 1 4 1/\:
: e T N4 T
No fes
No Yes No No

Figure 2. Decision tree of C4.5

Table 13. Performance of C4.5

Accuracy Precision Recall

C4.5 70,47% 71,84% 97,08%

Table 14. Confusion matrix of C4.5

true No true Yes
Pred. No 2 8
Pres. Yes 103 263

4. Performance of Random Forest
As shown in Table 15, the highest accuracy is achieved when the number of trees is 50, with an
accuracy of 72.08%. The highest precision is obtained when the number of trees is 10, with a precision
of 72.41%. The highest recall is observed when the number of trees is 50, with a recall of 99.64%.
Additionally, the confusion matrix for the random forest can be seen in Table 16.
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Table 15. Performance of Random Forest

No Number of Tree Accuracy Precision Recall
1 10 71,56% 72,41% 97,82%
2 20 71,29% 71,99% 98,56%
3 30 71,56% 72,07% 98,93%
4 40 71,81% 72,14% 99,27%
5 50 72,08% 72,22% 99,64%
6 60 72,08% 72,22% 99,64%
7 70 72,08% 72,22% 99,64%
8 80 72,08% 72,22% 99,64%
9 90 72,08% 72,22% 99,64%
10 100 72,08% 72,22% 99,64%

Table 16. Confusion matrix of Random Forest

true No true Yes
Pred. No 1 1
Pres. Yes 104 270

3.3 Comparison of Algorithm Performance

As shown in Figure 3, the Random Forest algorithm achieved the highest accuracy. In this test, the
Random Forest algorithm also produced the highest recall. This indicates that the model generated by the
Random Forest algorithm is better at reducing errors in determining the eligible recipients of aid. The C4.5
algorithm also has the advantage of computational simplicity. Consequently, the classification achieved by
the C4.5 method reduced the total number of variables from 33 to 8, providing a simpler yet effective
solution.

Comparison of Algorithm Performance

98,89% 97,08% 99/64%
90,04%

100,00%

80,00% 71,559

70,47% 72,08% 72,09% 71,13% 71,84% 72,41%

o

66,49%

60,00%

40,00%

20,00% [

0,00%
Akurasi Persisi Recall

#KNN M NBC =C4.5 M Random Forest

Figure 3. Performance achievements of each algorithm

4. CONCLUSION

This study reveals that the Random Forest algorithm is the best, achieving the highest recall, accuracy,
and precision compared to other algorithms, with accuracy of 72.08%, precision of 72.41%, and a recall of
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99.64%. In this research, recall is preferred as it helps reduce the number of eligible recipients of the KIS
program being classified as ineligible. Additionally, the decision tree formed by the C4.5 method
successfully reduced the total number of variables from 33 to 8. The C4.5 algorithm operates concisely in
terms of computational complexity.

The results of this study can serve as a consideration for the the Social Affairs Office of Dumai City in
making decisions regarding KIS recipients. Therefore, the classification outcomes of this study demonstrate
how decisions can be made based on the mathematical calculations of each algorithm.
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