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Quality services since electricity is a primary public need. However, numerous complaints
still highlight PLN’s lack of responsiveness, especially on the X platform (formerly Twitter).
This study aims to analyze public sentiment toward PLN’s service quality expressed on X
and compare the performance of the Naive Bayes and K-Nearest Neighbor (KNN) algorithms
in classifying sentiments into positive, negative, and neutral categories. The research
employs the Knowledge Discovery in Databases (KDD) approach, involving data collection
through tweet scraping using Tweet-Harvest, preprocessing (case folding, tokenizing,
filtering, stemming), transformation with TF-IDF weighting, and data mining using Naive
Bayes and KNN. Evaluation through a confusion matrix shows that Naive Bayes achieved
an accuracy of 87%, outperforming KNN with an accuracy of 86%. These findings provide
insights for PLN to better understand public perception and serve as a reference for future
sentiment analysis research using machine learning.
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1 Introduction

PT PLN (Persero), as a state-owned enterprise (SOE) in the electricity sector that serves communities throughout
the Indonesian archipelago, is committed to providing the best electric power services that meet internationally
accepted standards, striving to achieve this by relying on the capabilities of all its personnel. The quality of services
provided by PT PLN often attracts public attention, given that electricity is a basic need that significantly impacts
the comfort and efficiency of people’s daily activities. However, many people continue to complain about the service,
citing issues such as a lack of responsiveness, inadequate handling of feedback on the X platform, and insufficient
efficiency in addressing public comments, criticisms, and suggestions.

To ensure that customer satisfaction remains well maintained, it is essential to understand public opinion
regarding the services provided by PT PLN. Such opinions may take the form of complaints (negative sentiment),
support (positive sentiment), or reports and suggestions from the community (neutral sentiment)[1]. The social media
platform X (formerly Twitter) serves as an effective medium to collect public opinion directly and in real-time, thus
becoming a relevant data source for sentiment analysis[2]. This study focuses on analyzing public sentiment related
to the quality of PT PLN’s services as expressed on the X (Twitter) platform[1]. In this research, two text
classification methods are utilized, namely Naive Bayes and K-Nearest Neighbors (KNN), to categorize public
opinions into positive, negative, or neutral sentiments[3]. Naive Bayes is known for its efficiency in text analysis, as
it can process large datasets quickly by calculating the probability that a review carries a certain sentiment based on
the distribution of words found in the text[4]. However, this method has a limitation in assuming feature
independence, which does not always reflect the actual conditions of the data. Meanwhile, KNN offers advantages
in its flexibility to process non-linear data without requiring assumptions of feature independence. Nonetheless, KNN
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tends to demand more computational resources and is more susceptible to issues arising from high-dimensional
data[4].

Prior to this research, several studies addressed similar themes with different approaches. For example, a study
on public sentiment toward COVID-19 on Twitter employed the Naive Bayes and KNN algorithms. Out of 1,098
collected tweets, the results indicated that Naive Bayes achieved a higher accuracy (63.21%) compared to KNN
(58.10%)[5]. Another study focusing on reviews of the PLN Mobile application also applied Naive Bayes Classifier
(NBC) and K-Nearest Neighbor (KNN) for sentiment analysis, showing that NBC was more accurate (77.69%) than
KNN, with most users expressing positive experiences with the application despite facing some issues in purchasing
electricity tokens[4].

Although previous studies have discussed sentiment analysis in various contexts, including in the energy sector
through the PLN Mobile application, there has been no research specifically exploring public opinions on the overall
quality of PLN’s services. In fact, a broader understanding of public perceptions regarding electricity services in
Indonesia is crucial for PLN to enhance service quality and design policies that are more responsive to customer
needs. Therefore, this research aims to fill this gap by analyzing public opinions related to PLN’s services using data
from the X platform, while also comparing the effectiveness of the Naive Bayes and KNN methods in sentiment
classification.

2 Research methods

The process in this research involves the application of the knowledge Discovery in Databases (KDD) method.
Knowledge Discovery in Databases (KDD) is a comprehensive process aimed at uncovering valuable information
from data sets, where Data Mining serves as a crucial stage within this process [6]. KDD is a structured analytical
process designed to extract valid, novel, and relevant information, as well as to identify hidden patterns from large
and complex data sets [7].

2.1  Data Selection

Data collection was carried out through a crawling process on Twitter to extract comments related to the
quality of PT PLN’s services on the X social media platform. After the data was gathered, sampling was conducted
to ensure the relevance and quality of the data to be analyzed. In this study, two text classification methods, namely
Naive Bayes and K-Nearest Neighbors (KNN), were employed to categorize public opinions into positive,
negative, or neutral sentiments|[3].

2.2 Preprocessing

Meanwhile, another definition states that text preprocessing is an initial process in which the system filters or
selects relevant data from each document before proceeding to further analysis [8]. The preprocessing stage consists
of several processes:

Case folding: Converting all characters to lowercase.

Cleaning: Removing special characters, numbers, emojis, and irrelevant symbols.
Tokenization: Splitting sentences into individual words (tokens).

Normalization: Transforming informal words, slang, or abbreviations into their standard forms.
Stopword removal: Eliminating common words that carry little importance for classification.
Stemming: Reducing words to their root forms to simplify the data.

2.3 Transformation

The TF-IDF weighting is determined by the frequency of a word appearing within a sentence (TF) and its
frequency across all documents (IDF). A term will have a high weight if it appears frequently within a single
document, but its weight decreases if the term is commonly found across many other documents [9]. The TF-IDF is

formulated by the following equation.
N

df(ty) (1

TF — IDF (ty) = log
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TF-IDF is used to assess the degree of similarity between documents in a given context by calculating the weight
of each word based on how frequently it appears in a particular document and how rarely it is found across the entire
collection of documents.

2.4  Data Mining

Data Mining is the process of analyzing a collection of data, particularly large-scale data, to identify significant
patterns or relationships and to draw conclusions that were previously unknown. Its primary goal is to generate new
information that is relevant, comprehensible, and beneficial to data owners by employing state-of-the-art methods
[10]. Data Mining comprises a set of techniques that are automatically used to explore and uncover complex hidden
relationships within large datasets. Such data are generally structured in tables and are often implemented in relational
data management technologies [11].

2.4.1  Naive Bayes

Naive Bayes is a simple classification method that involves calculating the count of data and the combination
of values within a dataset to determine the probability of that data. This method is recognized as an efficient approach
in machine learning and is frequently used to evaluate the performance of a classification model [12].

P(Y/X) x P(Y)
P(Y/X) = 0 (2)

In this equation, P(HIX) represents the probability of hypothesis H (sentiment class) based on data X (word
features). The term P(XIH) refers to the probability of observing X if H is true, P(H) indicates the prior probability
of H, and P(X) is the overall probability of X. This calculation helps determine the sentiment class with the highest
probability based on the word patterns found in the comments.

2.42  K-Nearest Neighbor

K-Nearest Neighbor (KNN) is an algorithm used to classify an object based on the training data that has the
highest similarity or proximity to that object. Although considered relatively simple, the KNN algorithm has proven
to be quite effective for clustering, especially with text-based data.

o - 3)
Dist(xi,x2)= ,Zi=1(X1i_ X2i)

The formula is used to calculate the Euclidean distance, which is the shortest distance between two points in an
n-dimensional space by summing the squared differences of each attribute and then taking the square root.

2.5  Evaliation

At the evaluation stage, the researcher conducted testing and assessment of the models to determine the
performance of the Naive Bayes and K-Nearest Neighbor algorithms. The results of the classification process are
presented in the form of a confusion matrix. A detailed explanation of the evaluation for each algorithm will be

provided in the following subsections.
TP+TN

Accuracy = ————— 4
Y T TP+TN+FP+FN )

In this equation, accuracy measures the proportion of all predictions that are correct. Precision is calculated
using the formula:

Precision = ——— (5)

This metric indicates how many of the predictions labeled as positive are truly positive.

Recall is computed as:

TP

Recall = TPIFN

(6)

Recall measures how many actual positive cases are correctly identified by the model.
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The F1-Score, which balances precision and recall, is determined by the following formula:

__ 2 (precision x Recall)

(7

precision + Recall
Precision Recall F1-Score 2 x Precision+Recall.

This score provides a single metric that reflects the model's overall effectiveness in handling both
precision and recall.

2.6 Knowlage Presentation

At this stage, the data will be visualized using a word cloud and percentage charts for positive, negative, and
neutral opinions to make it easier for readers to understand the research findings. The most frequently occurring
words in the text will be displayed visually through the word cloud.

3 Results and Discussion

3.1 Data Selection

The initial stage in the Knowledge Discovery in Databases (KDD) process for analyzing user sentiment on the
Twitter platform is data selection. At this stage, data is collected (crawled) from Twitter using the Python
programming language. Once the data has been successfully obtained, the next step is to label the data in order to
identify the sentiment categories contained within it. In general, the purpose of this data selection stage is to select
and acquire data relevant to the focus of the research so that it can serve as a foundation for further analysis.
3.2 Processing

At this stage, the labeled data in processed through several text preprocessing steps, which are shown in Table

1.
Tabel 1Case Folding Results Data
Review Before Case Folding Review After Case Folding

PLN sangat cepat tanggap layananya ok pln sangat cepat tanggap layananya ok

Kerjaan PLN cuma bisa minta maaf saja Tanpa mau | kerjaan pln cuma bisa minta maaf saja tanpa mau

memperbaiki diri dan meningkatkan mutu pelayanan | memperbaiki diri dan meningkatkan mutu

pelayanan
Gini amat ya pelayanan PLN sekarang sumpah kesel | gini amat ya pelayanan pln sekarang sumpah kesel
banget banget
All characters are converted to lowercase to standardize the data and avoid differences caused only by
capitalization. After this step, cleansing is performed as shown in the table 2.
Tabel 2 Tokenizing
Dokumen data uji Tahapan Tokenizing
Input output
pln sangat cepat tanggap layananya ok ["pIn", "sangat", "cepat", "tanggap", "layananya", "ok"]
kerjaan pln cuma bisa minta maaf saja tanpa mau ["kerjaan", "pln", "cuma", "bisa", "minta", "maaf", "saja",
memperbaiki diri dan meningkatkan mutu pelayanan "tanpa",  "mau", "memperbaiki",  "diri", "dan",
"meningkatkan", "mutu", "pelayanan"]
gini amat ya pelayanan pln sekarang sumpah kesel banget ['gini", "amat", "ya", "pelayanan", "pln", "sekarang",
"sumpah", "kesel", "banget"]

Tokenizing splits the text into separate words (tokens) to make it easier for further analysis. After separating

Tabel 3 Filtering Result Data

Dokumen data uji Tahapan case filtering
Input output
["pln", "sangat", "cepat", "tanggap", "layananya", "ok"] ['pln', 'cepat', 'tanggap', 'layananya’, 'ok'],
["kerjaan", "pln", "cuma", "bisa", "minta", "maaf", "saja", ['kerjaan', 'pln', 'minta’, 'maaf’, 'memperbaiki', 'diri',
"tanpa", "mau", "memperbaiki", "diri", "dan", | 'meningkatkan’, 'mutu', 'pelayanan'],
"meningkatkan", "mutu", "pelayanan"]
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Dokumen data uji

Tahapan case filtering

Input

output

["gini", "amat", uyan, ”pelayanan”, ”pln", "sekarang",

"sumpah", "kesel", "banget"]

'banget']

['gini', 'pelayanan', 'pln', 'sekarang’, 'sumpah’, 'kesel’,

Stopword removal eliminates common words that carry little significance in analysis, such as "untuk "di,"

or "ya." Finally, stemming is performed as displayed in the table
Tabel 4 Stemmig Result Data

Dokumen data uji

Tahapan Stemming

Input

output

['pln', 'cepat', 'tanggap', 'layananya’, 'ok'],

pln cepat tanggap layan ok

['kerjaan', 'pln', 'minta’, 'maaf’, 'memperbaiki’,
'diri', 'meningkatkan', 'mutu’, 'pelayanan'],

kerja pln minta maaf perbaiki diri tingkat mutu
layan

['gini', 'pelayanan', 'pln', 'sekarang', 'sumpah’,
'kesel', 'banget']

gini layan pln sekarang sumpah kesal banget

Stemming reduces words to their root forms by removing affixes, making the word forms more consistent.

Transformation

In the data mining stage, the dataset was divided into training and testing sets with an 80:20 ratio, resulting in
3271 training data points and 653 testing data points. This partitioning process was carried out using the
train_test split module from the sklearn.model selection library. After the data split, TF-IDF calculations were
performed to transform the textual data into numerical vectors for subsequent sentiment classification, as shown in
Equation (1) and presented in the table 5.

Tabel 5 TF-IDF

Term TF:1 | TF2 | TFz | TFs | TFs | TF¢ | TF7 | TFs | TFo | TF10 | DF
lampu 1 1 0 0 0 0 0 0 0 0 2
cuci 1 0 0 0 0 0 0 0 0 0 1
sebal 1 0 0 0 0 0 0 0 0 0 1
puasa 0 1 0 0 0 0 0 0 0 0 1
mati 0 1 0 0 0 0 0 0 0 0 1
jam 0 1 0 0 0 0 0 0 0 0 1
kerja 0 1 0 0 0 0 0 0 0 0 1
indonesia 0 0 1 0 0 0 0 0 0 0 1
pajak 0 0 1 0 0 0 0 0 0 0 1
Data Mining

The subsequent stage involves applying the Naive Bayes and KNN algorithms. Samples of the training and
testing data are presented in Table 6 and 7.

Tabel 6 Sample Testing Data

D Komentar Kategori
Dl lampu cuci sebal negatif
D2 meningkat pelayanan positif
D3 lapor kawasan taman sidoarjo alami gangguan listrik netral

Tabel 7 Sample Data Test

D Komentar Kategori
Dl Puasa mati lampu jam kerja negatif
D2 Meningkat pelayanan positif
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3.4.1 Naive Bayes

He first stage in Naive Bayes calculations is to determine the prior probabilities for each sentiment class.
These calculations can be performed using Equation (2) and are summarized in Table
Tabel 8 Prior Probability

Positif Netral Negatif
. . 7 13 15
Prior Probability 35 = 0.2 35" 0.37 35~ 0.42

After calculating the prior probabilities, the next step is to determine the conditional probabilities for cach

word in the vocabulary with respect to every sentiment class. For instance, the probability of the word.

Probablilty of the word ‘puasa’

0+1 1
P(apuasalvpositif) = 7135 = o = 0.02380
0+1 1
P(apuasah/netral) = m = E = 0.0208
1+1 2

P(apuasa|vnegatif) = 15+ 35 = 0 = 0.04

Probablilty of the word ‘mati’

0+1 1
P(amatiIVpositif) = 7+—35 = E =0.0238
0+1 1
P(amatilvnetral) = 13—+35 = E = 0.0208
1+1 2

P(amatilvnegatif) = 15 + 35 = ) = 0.04

Probablilty of the word ‘lampu’

0+1 1
P(alampulvpositif) = 7+ 35 = E = 0.0238

0+1 1
P(alampuanetral) 1373 18 0.0208

2+1 3
P(alampulvnegatif) = 15—_}_35 = % = 0.06
Probablilty of the word ‘jam’
0+1 1
P(ajam |Vpositif) = i i 0.0238
0+1 1

P(ajamlvnetral) = m = E = 0.0208

1+1 2
P(ajamlvnegatif) = m = =0 = 0.04
Probablilty of the word ‘kerja’

0+1 1
P(akerjalvpositif) = m = E = 0.0238

0+1 1
P(akerjalvnetral) = m = E = 0.0208

1+1 2

P(akerjalvnegatif) = m = % = 0.04

Probablilty of the word ‘meningkat”
1+1
P(ameningkatlvpositif) = m = E = 0.0476
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0+1 1
P(ameningkat |Vnetral) = m = E = 0.0208

1+1 2
P(ameningkatlvnegatif) = 15—+35 = % = 0.04

Probablilty of the word ‘pelayanan”
1+1
P(apelayananlvpositif) = = 5 =0.0476

P(apelayanan|Vnegatif) = 15+ 35 = 0 = 0.02

After obtaining the probability likelihood values, the next step is to classify the test data. This involves performing
manual calculations to classify the test data, along with the steps for calculating the classification of the test data
samples.

P(uji | positif)

= p(positif) x P(puasa | positif) x P(mati | positif) X P(lampu |positif) X P(jam |positif) X P(kerja |positif)
= 0.2 x 0.0238 x 0.0238 x 0.0238 x 0.0238 x 0.0238

= 0.00000000153

P(uji | netral)

= p(netral) X P(puasa | netral) x P(mati | netral) X P(lampu |netral) X P(jam |netral) X P(kerja |netral))

= 0.37 x 0.0238 x 0.0208 x 0.0208 x 0.0208 x 0.0208

= 0.000000001648

P(uji | negatif)

= p(negatif) x P(puasa | negatif) x P(mati | negatif) X P(lampu |negatif) x P(jam |negatif) x P(kerja |negatif))
=0.42 x0.04 x 0.04 x 0.06 x0.04 x 0.04

= 0,0000016128
precision recall fil-score  support
negatif .64 B.34 8.73 32
netral 2.aa .88 2.8a8 g1
pasitif a.7ae B.58 2.53 279
accuracy 28.56 £58
macro avg @.45 B.47 2.45 B58
weighted avg 2.62 8,66 2.63 552

Figure I Confusion Matrix Algoritma Naive Bayes

from sklearn.metrics import comfusion _matrix
from mlxtend.plotting import plot_confusion_matrix
import matplotlib.pyplot as plt

# Hitung confusion matrix
cm_nb = confusion_matrix(y_test, y_pred_nb)

# Plot dengan mlxtend

fig, ax = plot_confusion_matrix(
conf_mat=cm_nb,
figsize=(6,6),
class_names=best nb.classes ,
show_normed=True # untuk persentase

plt.title( 'Confusicn Matrix - Naive Bayes")
plt.show()

Figure 2 Script Confusion Matrix Algoritma Naive Bayes
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In K-Nearest Neighbor, the initial step involves computing the Euclidean distances from the test document to
each training document, as shown in Equation (3) and summarized in Table

Tabel 9 KNN

No Komentar Kategori Meghitung Jarak

dl  lampu  cuci Negatif d=JA =02+ 1 -0)2+(1-1)2+ (1 -0)2 + (1 —0)?
sebal =4

d2 indonesia Negatif d= \/(1 —0)2+(1—-0)2+(1—0)2+(1—0)2+ (1 —0)2
pajak layanan =5
bumn  kacau
parah

d3  meningkat Positif d= /1 -02+1-02+1-0)2+(1-0)+(1—-0)2
pelayanan =5

d4  baik tingkat Positif d= \/(1 —0)2+(1—-0)2+(1—0)%2+(1—0)2+(1—0)2
mutu =5

ds cepat layan Positif d=JA-02+1-02+1-02+1-02+(1-0)?

=5

d6  tanggap Netral d=/(1-02+1-0)2+(1-0)2+(1—-0)2+ (1-0)2
pelayanan =5

d7  bulan  bayar Netral d=JA-02+1-02+1-02+1-02+(1-0)?
mabhal rugi =5

Using K-Nearest Neighbor with k=1, the test sentence "lucu warna iphone plus" was compared to all training
documents. The closest neighbor was found to be document D1, which belongs to the Positive category.

precision recall fi-score  support

negatif
netral
positif

accuracy
macro avg
weighted avg

negatif

netral

true label

positif

a.28 B.32 B.45 25
8.87 8,93 a.32 297
8.78 a.38 8.51 48

B8.86 378
8.82 a.56 B.63 a7e
2.85 B8.86 8.84 378

Figure 3 Confusion Matrix Algoritma K-Nearest Neighbor

Confusion Matrix - KNN

(0.01)

18
(0.38)

Y NN &

< & S
2 oy =)
& € ¢
predicted label

Figure 4 Plot Confunsion Matrix
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from sklearn.metrics import comfusion_matrix
from mlxtend.plotting import plot_confusion_matrix
import matplotlib.pyplot as plt

# Hitung confusion matrix
cm_knn = confusion_matrix{y_test, y_pred_knn)

# Plot confusion matrix

fig, ax = plot_confusion_matrix(
cont_mat=cm_knn,
figsize=(5,6),
class_names=best knn.classes_,
show_normed=True # menampilkan persentase

plt.title({"Confusicn Matrix - KNN™)
plt.show()

Figure 5 Script Confunsion Matrix KNN

3.5  Evaluation
Following the completion of the modelling stage, the next step is model evaluation, where a confusion matrix is
used to assess the accuracy of the constructed model. The structure of the confusion matrix can be seen in

4 Conclusion

This research successfully categorized public sentiments toward PLN’s services into positive, negative, and
neutral using Naive Bayes and KNN algorithms. Naive Bayes proved more efficient for large-scale data, whereas
KNN captured complex patterns better but required more processing time.

5 Suggestion

Future studies may integrate additional algorithms such as SVM or Random Forest to improve classification
accuracy and explore multi-label sentiment analysis to identify multiple sentiments within a single opinion.
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