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Abstract. The purpose of this study is to select the location of student boarding houses using
Particle Swarm Optimization (PSO) and C4.5 optimization techniques. The source of the data
was obtained by observing and giving questionnaires to 150 respondents who were lodging in
the Pematangsiantar-Simalungun area. from the data set of 81 records and using 5 parameters
of assessment ((C1) water cleanliness, (C2) Facilities, (C3) Transportation, (C4) Security, and
(C5) Conditions) obtained the results of modeling using the C4.5 + PSO algorithm has better
accuracy is 97.78% compared to the C4.5 model whose accuracy is 97.53%. Thus, it is evident
that the PSO applied to the weighting of the C4.5 attribute increases the value of accuracy..

1. Introduction

Ideal residence is a place that can protect and become a place of rest for us and a place to grow a
healthy life spiritually and physically [1]. There are various types of residences that are permanent or
temporary, temporary residences are rented houses and boarding houses. Boarding houses become one
of the places to stay for students, students, workers, employees who are far from their homes.
Boarding houses are an option for them, especially students, to become temporary residences while
carrying out work. The choice of boarding houses is an alternative that must be thought wisely
because it considers many aspects such as affordable prices, convenient location, transportation
facilities and others. Many boarding houses are an obstacle for students to choose eligibility according
to their wants and needs. Boarding houses that are safe, secure, comfortable become one of the dreams
of students who are far from where they live. In choosing a boarding house dream there are criteria in
choosing it. The number of criteria in the selection of boarding houses is an obstacle for students. So it
is necessary to classify the criteria in selecting the location of student boarding houses. The method
used for the selection of the location of the boarding houses of students uses Datamining [2]-[4] with
C4.5 classification techniques [5], [6] and Particle Swarm Optimization (PSO) [7], [8]. The method
often used for classification is C4.5 [5], [6]. This method is also called a very strong and well-known
decision tree for classification and prediction [9]. The ability of this C4.5 method can produce decision
trees that are easily interpreted [10], have an acceptable level of accuracy [11], are efficient in
handling discrete type attributes and can handle discrete and numeric type attributes [7]. However, the
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C4.5 method has several disadvantages including overlapping often when classes and criteria used are
very numerous [8] and overfitting occurs because there is noise training data, which is irrelevant data
so that the tree has a long and unbalanced subtree. In this problem can be overcome by optimized
using the Particle Swarm Optimization (PSO) algorithm. The PSO algorithm is used to optimize
accuracy on C4.5 to get maximum results. Research using PSO optimization for prediction has been
done a lot before, namely for the prediction of sea tides where PSO is used to optimize the minimum
error value in the network in order to obtain the ideal neural network weights. PSO and artificial
neural networks [12]-[16] have several input parameters such as, the number of input neurons,
learning rate, swarm, cl, c2 min inertia, max inertia. The data used are 1000 which are divided into
700 training data and 300 testing data. The test results showed that the prediction accuracy was
91.56% using 90 swarm, learning rate 0.9 and iteration 20 times [8]. Subsequent research on the
classification of credit analysis using the c4.5 algorithm and PSO [7]. From the results of experiments
conducted a C4.5 algorithm model based on Particle Swarm Optimization (PSO) got the best results at
70%, while the C4.5 algorithm model without Particle Swarm Optimization (PSO) was only 68.6%.
Based on this, it is expected that the research results can classify the location of student boarding
houses.

2. Methodology
2.1. Data Mining

Data mining is in the form of observational analysis of data sets to find unexpected relationships
and to summarize data in new ways that can be understood and useful for data owners. There are
several settlement techniques used in data mining, including: clustering, classification, estimation and
association [2].

2.2 Classification

Data classification is a process that finds the same properties in a set of objects in a database and
classifies them into different classes according to the specified classification model [17]. The purpose
of classification is to find a model of a training set that distinguishes attributes into appropriate
categories or classes, the model is then used to classify attributes whose classes have not been known
before. Classification techniques are divided into several techniques including ID3, CART, and C4.5

[9].

2.3 Decision Tree C4.5

C4.5 method is to change the tree generated in several rules. The number of rules is equal to the
number of paths that might be built from the root to the leaf node [6]. In general, C4.5 algorithm to
build a decision tree with the following general steps:

a) Select the attribute as the root

b) Create a branch for each value

¢) Divide cases in branches

d) Repeat the process for each branch until all cases in the branch have the same class [4], [5].

2.4 Research Method

The research data were obtained by conducting direct observations and giving questionnaires to
students as many as 150 respondents who were randomly assigned. Data of 150 respondents consisted
of student data from five private tertiary institutions in the area of Simalungun Regency and
Pematangsiantar City. Respondents are those who live in boarding-houses. The results of observation
data and questionnaires were pre-processed using Microsoft Excel software. From the results of the
questionnaire obtained several criteria for the selection of the location of student boarding houses,
among others: (C1) water cleanliness, (C2) Facilities, (C3) Transportation, (C4) Security, and (C5)
Conditions. For water hygiene criteria (C1) have sub criteria {Good, Enough, Bad}, facility criteria
(C2) have sub criteria {Luxury, Simple, Standard}, transportation criteria (C3) have sub criteria {Far,
Medium, Near}, security criteria (C4) have sub criteria {Strict, Normal, Free} and condition criteria
(C5) have sub criteria {Eligible, Not Eligible}.
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3. Results and Discussion
The following is an example dataset used as research material (the dataset is randomly generated as
many as 81 data samples / training).

Table 1. Learning Dataset

No Water cleanliness (C1) Facilities (C2) Transportation (C3) Security (C4) Conditions (C5)
1 Good Luxury Far Strict Not Eligible
2 Good Luxury Far Normal Not Eligible
3 Good Luxury Far Free Not Eligible
4 Good Simple Far Strict Not Eligible
5 Good Simple Far Normal Not Eligible
6 Good Simple Far Free Not Eligible
7  Good Standard Far Strict Not Eligible
8 Good Standard Far Normal Not Eligible
9 Good Standard Far Free Not Eligible

10 Good Luxury Medium Strict Eligible
11 Good Luxury Medium Normal Eligible
12 Good Luxury Medium Free Not Eligible
13 Good Simple Medium Strict Eligible
14  Good Simple Medium Normal Eligible
15  Good Simple Medium Free Not Eligible
16 Good Standard Medium Strict Eligible
17  Good Standard Medium Normal Eligible
18  Good Standard Medium Free Not Eligible
19  Good Luxury Near Strict Eligible

20 Good Luxury Near Normal Eligible

21  Good Luxury Near Free Not Eligible

22 Good Simple Near Strict Eligible

23 Good Simple Near Normal Eligible

24 Good Simple Near Free Not Eligible

25 Good Standard Near Strict Not Eligible

26 Good Standard Near Normal Eligible

27 Good Standard Near Free Not Eligible

28 Enough Luxury Far Strict Not Eligible

29  Enough Luxury Far Normal Not Eligible
30 Enough Luxury Far Free Not Eligible
31 Enough Simple Far Strict Not Eligible
32 Enough Simple Far Normal Not Eligible
33 Enough Simple Far Free Not Eligible
34 Enough Standard Far Strict Not Eligible
35 Enough Standard Far Normal Not Eligible
36 Enough Standard Far Free Not Eligible
37 Enough Luxury Medium Strict Eligible
38 Enough Luxury Medium Normal Eligible
39  Enough Luxury Medium Free Eligible
40 Enough Simple Medium Strict Eligible
41 Enough Simple Medium Normal Eligible
42 Enough Simple Medium Free Not Eligible
43 Enough Standard Medium Strict Eligible
44  Enough Standard Medium Normal Eligible
45 Enough Standard Medium Free Not Eligible
46 Enough Luxury Near Strict Eligible
47  Enough Luxury Near Normal Eligible
48 Enough Luxury Near Free Eligible
49  Enough Simple Near Strict Eligible
50 Enough Simple Near Normal Eligible
51 Enough Simple Near Free Eligible
52 Enough Standard Near Strict Eligible
53  Enough Standard Near Normal Eligible
54  Enough Standard Near Free Eligible
55 Bad Luxury Far Strict Not Eligible
56 Bad Luxury Far Normal Not Eligible
57 Bad Luxury Far Free Not Eligible
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The Dataset Learning Summary data in table 1 will then be processed to obtain a decision tree using
the help of RapidMiner 5.3 software.

3.1 The results of the C4.5 method with the RapidMiner software
The Dataset Learning Summary data in table 1 will then be processed to obtain a decision tree using
the help of RapidMiner 5.3 software. Following is the C4.5 model using the RapidMiner software as
shown in the following image:
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Figure 1. C4.5 model using RapidMiner software

In figure 1 it can be explained that the parameters used in the C4.5 method include: criterion:
gain_ratio; minimum size for split: 4; minimum leaf size: 2; minimum gain: 0.1; minimum depth: 20;
confidence: 0.25. From this model the accuracy of the results is obtained as shown below:

accuracy: 97.53%
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Figure 2. Model C4.5 accuracy
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3.2 The results of the C4.5 + Particle Swarm Optimization (PSO) method with the RapidMiner

software

Following is the C4.5 + Particle Swarm Optimization (PSO) model using the RapidMiner software

as shown in the following image:
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Figure 4. C4.5 + Particle Swarm Optimization (PSO) model using RapidMiner

software
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Using the same parameters for the C4.5 model (figure 1), optimization with Particle Swarm
Optimization (PSO) uses different population sizes and maximum number of generations as shown in
the following table:

Table 2. The results of the experiment used population size and maximum number of generations in
the PSO + C4.5 method
No PSO parameter Accuracy AUC (Area Under Curve)

1 Posize=10; generate=30  97.64% 0.836
2 Posize=20; generate=30  97.64% 0.962
3 Posize=10; generate=40  97.64% 0.971
4  Posize=15; generate=40  97.64% 0.883
5 Posize=30; generate=50  97.64% 0.825
6  Posize=50; generate=50  97.78% 0.912

Based on table 2, the selection of student boarding locations obtained results that the accuracy value of
C4.5 + PSO (97.78%) is better than C4.5 without PSO (97.53%). Up around 0.25%. While the
accuracy of classification using AUC, C4.5 method without PSO (0.995) is better than C4.5 + PSO
method (0.912). So based on these results, the C4.5 + PSO method can improve the results of
prediction accuracy compared to the C4.5 method without PSO. The results of the optimization of
C4.5 + PSO states that of the 4 criteria (Water cleanliness (C1), Facilities (C2), Transportation (C3),
Security (C4)) used, Water cleanliness (C1) is the most influential alternative with weight = 1.0 and
Security (C4) with a weight = 0.5380 as shown in the following image:

accuracy: 97.64% +/- 4.73% (mikro; 97.53%)

true Mot Eligible true Eligible class precision
pred. Not Eligible 41 1 97.62%
pred. Eligible 1 38 97.44%
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Figure 5. C4.5 + Particle Swarm Optimization (PSO) model of accuracy
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Figure 6. C4.5 + Particle Swarm Optimization (PSO) model of AUC (Area Under Curve)
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precision: 97.50% +/- 7.50% (mikro: 97.44%) (positive class:
Eligible)

ConfusionMatrix:

True: Not Eligible Eligible



ICETsAS 2019 IOP Publishing

IOP Conf. Series: Materials Science and Engineering 874 (2020) 012024 doi:10.1088/1757-899X/874/1/012024

Not Eligible: 41 1

Eligible: 1 38

recall: 97.50% +/- 7.50% (mikro: 97.44%) (positive class:
Eligible)

ConfusionMatrix:

True: Not Eligible Eligible

Not Eligible: 41 1

Eligible: 1 38

AUC (optimistic): 1.000 +/- 0.000 (mikro: 1.000) (positive
class: Eligible)

AUC: 0.971 +/- 0.059 (mikro: 0.971) (positive class: Eligible)
AUC (pessimistic): 0.958 +/- 0.085 (mikro: 0.958) (positive
class: Eligible

attribute
‘Water cleanliness (C1) 1
Facilities (C2) 0
Transportation (C3) 0.486
Security (C4) 0.539

Figure 7. The results of the evaluation criteria using C4.5 + PSO Method

4. Conclusion

In this study modeling was carried out using the C4.5 and C4.5 + PSO algorithms with the focus of

the research being the application of the PSO algorithm in weighting the attributes of the C4.5 data
mining classification technique using the help of RapidMiner 5.3 software. Model validation uses 10
fold cross-validation and model evaluation uses confusion matrix and ROC curves. The results showed
that the C4.5 + PSO model had a better accuracy of 97.78% compared to the C4.5 model whose
accuracy was 97.53%. Thus, it is evident that the PSO applied to the weighting of the C4.5 attribute
increases the value of accuracy.
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