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Customer satisfaction is an important factor that determines quality. User
satisfaction analysis can identify the service quality and measure quality
through an evaluation process to improve services. This research aims to
measure the performance of services provided by the village government.
Villages and sub-districts offer services based on the community's specific
needs. Nevertheless, by delivering impeccable service, it is possible to satisfy
the community without causing physical or material harm. An essential
requirement is the development of a service user classification methodology
to enhance service quality, efficiently address service user grievances, detect
recurring trends, and promptly offer feedback to enhance the offerings of
products and services. Machine learning approaches can be used to quantify
public service satisfaction in the analytical process. Machine learning is an
algorithmic approach used to assess and prioritize satisfaction with public
services offered by service providers. The main approach for machine
learning is an ensemble classifier. The data was analyzed using Excel; then,
the data was processed first to create a classification model. At the
preprocessing stage, the data is grouped to obtain labels/targets to be
processed based on algorithmic classification. The classification uses the
Classifier aggregation algorithm. Type improvements using optimization
features using the Particle Swarm Optimization (PSO) sampling algorithm
and random subsampling techniques. This research produced an accuracy
value before adding sampling techniques and a PSO accuracy value of 92.68.
After adding sampling techniques and PSO optimization, an accuracy value of
100% was obtained.
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A. Introduction

Public services are services provided to people who are citizens or legal
residents of the country concerned. Its implementation supports public service
objectives Law No.32 of 2004 concerning regional government. The government's
performance within the framework of regional autonomy is expected to prioritize
the community's interests, especially in the provision of public services and public
administration. The village government is the village head, whom village officials
assist in running the village government. Along with society's current development,
people need increasingly complex services and better, faster, and more accurate
services. Subprime is a government management system with the authority to
manage and provide services that meet community needs.

Customer satisfaction is a critical factor that determines quality. User
satisfaction analysis can identify a given service's quality and measure quality
through an evaluation process to improve service[1]. The evaluation procedure can
be security, comfort, hygiene, and ease of access to a public service[2]. User
satisfaction analysis can also evaluate the occurrence of faults during service
provision[3]. Currently, villages and sub-districts provide services according to
community needs. However, if they fully provide optimal service, it can create
satisfaction for the community without harming the community either physically or
materially. To enhance service quality and efficiently address service user
grievances, it is necessary to implement a classification approach for service users.
This method will help discover patterns and provide timely feedback to improve the
products and services offered[4]. The analysis process that has been carried out to
measure the level of public satisfaction with services can use machine learning
methods[5]. Machine learning is a method of ranking satisfaction with public
services provided by service providers[6][7].

There are some studies in the classification of public service satisfaction
dieters from previous research: Research [8] Classification of village service
satisfaction using the decision tree algorithm yielded an accuracy of 90.66%.
Classification of village service satisfaction using the decision tree algorithm
produces an accuracy of 90.66%. Type of complaint reports using LDA-SVM makes
an accuracy of 79.85%[9]. Classification of public service complaints using Naive
Bayes[6]. Using the Naive Bayes, KNN, SVM, and boosting algorithms produces the
best SVM accuracy compared to other methods[10]. Classification models will
produce high accuracy values if there is no uneven distribution of classes[11], which
can lead to bias in applications and hinder machine learning from creating
classification models. One technique to reduce imbalanced classes uses data
sampling techniques that can divide majority classes into balanced classes[12]. The
data sampling technique succeeded in increasing the accuracy produced by the
Ensemble Classifier[13], and the data sampling technique can anticipate unbalanced
class data[14].

Selected from the total dataset[15]; feature selection is a process where part
of the feature space is selected according to its relevance by considering the output
of the classification[16]. PSO is a feature optimization algorithm that can increase
the resulting accuracy values. PSO has been used to optimize accuracy increases for
Random Forest, Decision Tree, Naive Bayes and KKN for diabetes dataset
classification[17]. PSO can be combined with data sampling techniques to increase
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the accuracy of the ensemble classifier algorithm in classification [18]. This research
focuses on and provides the latest contributions, including creating a public service
satisfaction classification model using an ensemble classifier, testing the effect of
feature selection on ensemble classifier classification, testing the effect of feature
selection on the ensemble classifier algorithm and finally, a combination of data
sampling techniques and feature selection on Ensemble classifier algorithm
performance.

B. Research Method

The data set used in this research is a survey by sending Google forms
distributed to the community in the village located in the conservation of the
southern Tambun of Bekasi. Ten thousand twenty-nine respondents completed the
survey with 15 questions to measure the level of satisfaction with the public service
provided by the service provider, the village. The following variables and
dimensions, descriptions, scales, and intervals of the research data used are
presented in Table 1. The values in Table I correspond to the following categories: 1
represents satisfied (S) and 2 represents non satisfied (NS).

Table 1. List Variable, Measurement and Value

Variable Description Possible Value
X1 Facilities and infrastructure 1=S, 2= NS
X2 Cleanliness 1=S, 2= NS
X3 Employee appearance 1=S,2=NS
X4 On Time 1=S, 2= NS
X5 Employee appearance 1=S,2=NS
X6 Conformity 1=S, 2=NS
X7 Responsive 1=S, 2= NS
X8 Accuracy of information 1=S, 2=NS
X9 Attitude 1=S§, 2=NS
X10 Service Suitability 1=S, 2= NS
X11 Cost Suitability 1=S, 2=NS
X12 Easy to contact 1=S§, 2= NS
X13 Attention 1=S, 2= NS
X14 Fair 1=S, 2=NS
X15 Friendly 1=S, 2= NS

One can assess the suitability of a study measuring instrument by examining
its critical criteria, which include (a) validity and (b) reliability or rehabilitation[19].
The validity of an instrument can be assessed by calculating the correlation
coefficient between the test instrument and the criteria/test of each element using

Equation 1.
r — "(inyi)—(in)(Zyi) (1)
Vo @@ xi?)-(x)2(m T yiZ)-(yD)?))

The calculated correlation coefficient is then checked with the values in the
table. An item is considered valid if its count is greater than or equal to the value of
r in the table. If the count of r is less than the count of r in the table, then the item is
considered invalid. For this study, 30 data points from fully answered
questionnaires were utilized to determine the validity and reliability values of the
students. The Cronbach's Alpha coefficient was computed using Equation 2 to assess
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the instrument's dependability. The calculated alpha coefficient findings are then
compared with the table values. If the alpha value is more than or equal to the critical
value of r from the table, then the research instrument is considered dependable. If
the alpha value is less than the critical value in the r table, then the research
instrument is considered unreliable.

.k ¥ si?
=50 {1-=53 ()

This research uses 4 (four) ensemble classifier algorithms, including Random
Forest (RF), XGBOOST, Catboost and Lightgbm, to classify public service satisfaction.
Side data techniques using the RUS algorithm are used to anticipate class balance.
PSO is used as an algorithm for feature selection and classification algorithm
optimization. The modelling will be carried out in this research; Creating a public
service satisfaction classification model using an ensemble classifier, testing the
influence of feature selection on ensemble classifier classification, testing the
influence of feature selection on the ensemble classifier algorithm and finally, a
combination of data sampling techniques and feature selection on the performance
of the ensemble classifier algorithm.

The Random Forest (RF) algorithm employs a recursive binary approach to
arrive at the ultimate node in a tree structure, relying on tree classification and
regression [20]. Three things must be known about the random forest algorithm.
First, bootstrap sampling in making a prediction tree; on each decision tree, the
prediction is carried out randomly, and the prediction is produced through a
combination of each decision tree with a majority vote in classifying it [21]. The RF
algorithm is constructed using a three-step process: (1) Sampling k training subsets,
(2) Creating a decision tree model for each subset, and (3) Combining the k decision
trees into an RF model. Applying the RF algorithm to big, unbalanced datasets yields
high-performance outcomes and rapid execution times[21][22].

Extreme Gradient Boosting (XGBoost) is a type of machine learning used for
prediction and classification with a decision tree structure[23]. XGBoost is a
boosting method consisting of several decision trees where the previous and the
following trees depend on each other [19]. When classifying, XGBoost will update
the weights for each tree built to obtain a strong classification tree [24]. Equation
(3) is calculating XGBoost.

Yi=X§ fi(xi), fueF (3)

CatBoost is a machine learning algorithm that is still part of the Gradient
Boosted Decision Trees (GBDT) family within the scope of ensemble learning[25].
CatBoost is an algorithm that is generally open to continue to be developed in the
scope of two combinations: Ordered Target Statistics and Ordered Boosting, the
combination of the two is called catboost[26].

LightGBM classification aims to find an additive model that minimizes the loss
function[27]. The algorithm equation for improving regression trees can be
generalized in equation 4, where the final model is a simple gradual addition model
of the b value[28].
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F(x) = Xp=1 f* (%) 4)

The purpose of the feature selection stage is to eliminate superfluous and
inconsequential features in the data set [29] It is crucial for the examination of
sample data with a large number of dimensions [30]. The feature selection used in
this research is PSO in the learning stage, which aims to optimize each data
generated [30]. The stages of the PSO method are stated in Algorithm 1.

Algorithm 1. Particle Swarm Optimization [31]

1: Let N represent the size of the group or swarm in terms of the
number of particles.

2: Create an initial population X by randomly selecting values within
the range of X(B) and X(A), resulting in X1. Subsequently, denote
particle j and its speed in iteration I as X(i) j and V (i) j,
respectively. Thus, the initial particles are represented as X1(0),
X2(0), ..., XN (0).

3: Determine the velocity of every individual particle. Assign the
value of 1 to the iteration variable i.

4: On iteration i, find two important parameters for each particle j.

5: The velocity of particle j on iteration 1 is calculated as follows:
vi,m=w. vim+c 1*R*(pbesti,m—xi,m) +c 2*R*(gbestm—xii,m)

6: The velocity of particle j on iteration I is calculated as vi,m = w *
vim +cl * R * (pbesti,m - xi,m) + c2 * R * (gbestm - xi,m).

The accuracy rating is determined by the frequency at which the model
produces correct results, as measured by a confusion matrix [32]. Classification
evaluation assesses its performance by utilizing recall and precision metrics. The
accuracy can be computed using equation (5), precision can be determined using
equation (6), and recall can be evaluated using equation (7) for the Area Under the
Curve (AUC)[33].

Accuracy = (TP+TN)/(TP+TN+FP+FN) (5)
Precision = (TP)/(TP+FP) (6)
Recall = (TP) / (TP+FN) (7)

C. Result and Discussion

The Python programming tool utilizes a machine learning package to construct
an ensemble classifier algorithm classification model while also addressing feature
optimization.

The first stage is the stage where processing must be carried out before
classifying the model so that the dataset can be modelled using a classification
algorithm. Survey data processed using Microsoft Excel amounted to 10029
responses. Of the 10,029 responses, 7,073 were satisfied, and 2,956 were
dissatisfied. The dataset is processed using Google Collaboratory to handle data
preprocessing and transformation processes so that the dataset is ready to create a
classification model.

The Python programme utilises an ensemble classifier technique to classify
user service level satisfaction. The training data is divided into 70% for training and
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30% for testing. The classification model underwent testing using a confusion
matrix to derive accuracy, precision, and recall metrics. Table 2 displays the test
results. The classification findings indicate that all ensemble learning algorithms, as
presented in Table 2, exhibit identical accuracy, recall, precision, and AUC values.

Table 2. Algorithm Ensemble Classification Results

Algorithm Accuracy Recall Precision AUC
Random Forest 92.68% 1.00 0.89 0.941
XGBOOST 92.68% 1.00 0.89 0.941
Chatboost 92.68% 1.00 089 0.941
LightGBM 92.68% 1.00 089 0.941

Table 2 shows an unbalanced class where the target or label for satisfied is
7043 and dissatisfied is 2956. So, in this study, the Random Under Sampling
technique was used so that the class scores were balanced, satisfied at 7073 and
dissatisfied at 7073. Next are the results from the RUS. A classification model was
carried out using the Classifier ensemble algorithm. The modelling results, which
then carried out the classification test, are shown in Table 3. After carrying out the

sampling technique, the accuracy value for all algorithms increased to 100% and the
AUC value to 1.00.

Table 3. Combination Classification Results with Sampling

Algorithm Accuracy Recall Precision AUC
Random Forest + RUS 100% 1.00 0.89 1.00
XGBOOST+RUS 100% 1.00 0.89 1.00
Chatboost+RUS 100% 1.00 089 1.00
LightGBM+RUS 100% 1.00 089 1.00

To increase accuracy, feature selection was also done using the PSO algorithm
with 50 particles of 15 dimensions and a position value >=0.5, resulting in 8 features
after selection from the initial 15 features. The following are the results of PSO
optimization followed by creating a classification model. The modelling results,
which were then carried out by the classification test, are shown in Table 4. The
classification results shown in Table 4 show the accuracy and AUC values after
feature selection, which increased to 100 and 1.

Table 4. Combination Classification Results with Feature Selection and Sampling

Algorithm Accuracy Recall Precision AUC
Random Forest + RUS+PSO 100% 1.00 0.89 1.00
XGBOOST+RUS+PSO 100% 1.00 0.89 1.00
Chatboost+RUS+PSO 100% 1.00 0.89 1.00
LightGBM+RUS+PSO 100% 1.00 0.89 1.00

Based on the accuracy results from testing the classification model used in this
research, using the Random Under sampling technique and feature selection with PSO
can maximize the accuracy and AUC values. The values produced by all ensemble
classifier algorithms show that accuracy, recall, precision, and AUC are the same, even
after combining them with sampling techniques and feature selection. This shows the
classification model built by all the algorithms recommended for measuring satisfaction
with public services provided by village governments.
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D. Conclusion

With a sampling technique using the RUS algorithm to anticipate unbalanced
classes, the accuracy value increases to 100% for all algorithms. The optimization results
with PSO, and a combination of classification algorithms and sampling techniques get
the maximum value. Utilizing Particle Swarm Optimization (PSO) for feature selection
has effectively increased the accuracy of each model, thereby improving the classification
process for each model. Random Forest, XGBOOST, Chartboost, LightGBM optimized
using PSO to identify features or variables that impact public service satisfaction most.
The models built have been proven to increase the accuracy of each algorithm, allowing
classification models to assess the level of satisfaction with public services.
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