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1. INTRODUCTION

Customer complaint management is a crucial element in improving service quality and guiding
strategic decision-making, particularly for public service providers such as the Regional Public Water
Utility Company (Perusahaan Umum Daerah Air Minum, PERUMDAM) (Hutauruk, Nabila, & Furqgan,
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2023). As the primary provider of clean water, PERUMDAM receives a wide range of customer
complaints, covering technical issues, administrative matters, and service quality concerns. The growing
number of customers, coupled with increasing complexity in complaints, has rendered manual methods
less effective in managing large volumes of data efficiently. Complaints collected through customer
service centers, digital applications, and social media further increase the challenge of providing timely
and accurate responses.

Delays or inaccuracies in handling complaints not only lead to customer dissatisfaction but may also
harm the company’s reputation. This situation calls for a technology-driven solution capable of
automatically categorizing complaints and determining follow-up priorities more effectively. Machine
learning offers a modern approach to addressing these challenges by enabling automatic processing and
classification of complaint data based on identifiable patterns. Such an approach can improve operational
efficiency, accelerate decision-making, and allow the company to respond to customers more effectively.

This study focuses on three widely adopted machine learning algorithms—Logistic Regression,
LightGBM, and Random Forest. Logistic Regression is a simple yet effective model for linear
relationships; LightGBM excels in processing large-scale datasets at high speed; and Random Forest is
highly reliable for identifying complex data patterns (Alsubayhin, Ramzan, & Alzahrani, 2024). Previous
research has demonstrated that these algorithms deliver competitive results in text classification,
sentiment analysis, and data grouping. However, their application in classifying customer complaints for
PERUMDAM remains limited.

The research uses a dataset comprising 4,466 customer complaint records collected between 2019
and 2024. Data preprocessing stages include cleaning, case folding, tokenization, filtering, normalization,
and stemming to ensure optimal data quality. Feature extraction is conducted using the TF-IDF method,
while data imbalance is addressed through the Synthetic Minority Oversampling Technique (SMOTE).
The Logistic Regression, LightGBM, and Random Forest models are trained with hyperparameter
optimization to enhance performance. Model evaluation is carried out using accuracy, precision, recall,
and F1-score metrics.

The aim of this study is to identify the most effective algorithm for customer complaint management
at PERUMDAM. By leveraging machine learning technologies, the study is expected to make a significant
contribution to developing technology-based solutions that improve operational efficiency and service
quality in the public sector. The findings also provide practical recommendations for more effective
implementation, supporting faster and more accurate customer responses.

2. METHODS

The research workflow and analytical stages undertaken in this study are outlined below. This
investigation employs three machine learning algorithms —Logistic Regression, LightGBM, and Random
Forest—to classify customer complaint data from PERUMDAM. The figure below presents a systematic
overview of the approach adopted in this research, providing a clear understanding of the workflow and
methodology implemented.

LOGISTIC REGRESSION »| OUTPUT
DATASET »| PRERPROCESSING > LIGHT GBEM »| OUTPUT
RANDOM FOREST »| OUTPUT

Figure 1. Research Workflow
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2.1 Dataset

The dataset utilized in this study consists of 4,466 customer complaint records from PERUMDAM.
Data collection was carried out by compiling complaint reports from internal PERUMDAM records,
covering the period from 2019 to 2024. These reports were then entered into an Excel format to facilitate
further processing. The selected time span was intended to provide a comprehensive representation of
various types of customer complaints. The dataset exhibits an imbalanced class distribution,
necessitating the application of additional techniques to address the disproportion among categories.

NORUT PENGADUAN LABEL
151 Tekanan Air Kecil Tekanan Air Kecil
15 Ada Kebocoran Alr Dirumah Dinas No 4 |Instalasi Bocor
153 Adr Tidak Jalan | ir Tidak satan
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164 Tekanan Air Kecil Tekanan Air Kecil
165%  Air Keruh Air Kotor

Figure 2. Sample from the Dataset
2.2 Data Preprocessing

The data preprocessing stage aims to ensure that the dataset meets the required quality
standards for subsequent analysis.

Table 1. Data Preprocessing
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2.3 Feature Extraction and Tuning.

In this study, the feature extraction process was carried out to transform unstructured customer
complaint text data into numerical representations that could be processed by machine learning
algorithms. One of the methods employed was Term Frequency-Inverse Document Frequency (TF-
IDF), a widely used technique for text representation that assigns weights to words based on their
occurrence in a specific document relative to the entire document collection. TF-IDF consists of two
primary components: Term Frequency (TF), which measures how often a word appears within a
document, and Inverse Document Frequency (IDF), which determines how rare the word is across all
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documents. The combination of these components produces a weight that reflects the relative
importance of a word within a given document.
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tfidf = TfidfVectorizer(ngram_range=(1, 3), max_features=2000)
X = tfidf.fit_transform(data| 'cleaned text']).toarray()
y = data[ 'LABEL’

Figure 3. TE-IDF Code

In this study, the implementation of TF-IDF was configured with specific parameters to enhance
the quality of data representation. The parameter ngram_range=(1, 3) was applied to capture word
relationships at the unigram, bigram, and trigram levels, enabling the algorithm to detect more complex
inter-phrase patterns. Furthermore, the number of features was limited to the top 2,000 highest-
weighted terms (max_features=2000) to maintain computational efficiency without compromising the
relevance of the information. Prior to applying TF-IDF, stopwords such as “yang,” “dan,” and “atau”
were removed to ensure that only meaningful terms were analyzed.

The TF-IDF transformation produced a sparse matrix in which each row represents a document
(customer complaint) and each column corresponds to significant words identified within the dataset.
This matrix served as the primary input for machine learning algorithms such as Logistic Regression,
LightGBM, and Random Forest. TF-IDF enabled these algorithms to better recognize patterns in
customer complaint text data, thereby improving predictive accuracy and overall model performance.

The primary strength of TE-IDF lies in its ability to assign higher weights to relevant terms, thus
improving the quality of feature representation for subsequent analysis. This technique is also
computationally efficient, as it can reduce data dimensionality without losing critical information. By
integrating TF-IDF with text preprocessing techniques such as stemming and normalization, this study
successfully generated high-quality data for machine learning models. These findings reaffirm the
importance of TF-IDF as a foundational approach in classifying unstructured text data.

3. FINDINGS AND DISCUSSION

The implementation results of the three machine learning algorithms applied in this study —
Logistic Regression, LightGBM, and Random Forest—are evaluated based on their performance in
classifying PERUMDAM customer complaints. The evaluation employed standard metrics, including
accuracy, precision, recall, and Fl-score, to assess the effectiveness of each algorithm. The assessment
followed a systematic approach, beginning with data preprocessing and continuing through to the final
stage of analyzing prediction outcomes. All three algorithms were tested using the same dataset to
ensure a fair and consistent comparison of their classification performance.

3.1 Logistic Regression Algorithm
Table 2. Logistic Regression Model Evaluation
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MMODEL Ste mming R
Dataset | data ull |data latlh [Mentt} Crossialkd | Search £y Akurasl Frecklon Ragall Fl-Score Data Bemar Salah A kuras]
[ enlth

2.1 0% 0% 377 05k 3BAZ 250 0.78 0.80 o.77 447 401 Ak 85.71%

% 0.2 20% A0% 3iTT o087 2B A3 050 0.73 0.7z o.rr ag3 AOL 22 A9.T0R
E 0.3 30% 0% 377 0%k 1928 [=s] 0.72 072 0.E2 1340 1203 137 A9 7R%
E 0.4 A0% BO% 3iTT 086k 1577 (] 0.7 0.b5 0.ba 178E 1591 123 A9.08%
= 0.5 0% 0% 377 0%k 1378 oAz 0.BB 0.2 0.E3 2233 1983 244 907
E 0.b BO% 40% 3iTT 086k 1059 ORR 0.4 0.0 0.b2 2679 2358 izl AROZ2%
E 0.7 TO% 0% 377 058 A0 OAR 0.6 0.5% 0.BD 312k 2741 385 AT EE%N
2 0.8 BD% 20% 3iTT 028 .67 020 0.b2 0.57 0.9 3s¥ 3217 FEE] 20.06%
0.3 0% 0% 377 038 1.28 0Aa% 0.53 0.48 0.50 4013 3558 4BL AR E53%

Poly Reksi / UTILIZATION OF MACHINE LEARNING ALGORITHMS FOR CUSTOMER COMPLAINT CLASSIFICATION AT

PERUMDAM




14
Jaisen: Journal of Advanced Information Systems and Engineering, Vol. 1, 1 (August, 2025): 9-17

T TRy —r————
(EPRUNRA e ASrmaristrau 0080100
K e Ar Kotoe 00903500
ntalls .8 Aor Totiok | 99909111
' . Abse500s Hiang -0 0O 1 i )
prociales  veesdl Thoasew  smpeet Axsesons B -0 0 0 0 11 11
fSetenls Berlanp)eanan - O > 23 R B e 0 ¢
A trenl - © e - ’ . LB BB
. wor . e . " " ) 9 - ’ v e
' o " 197 - ‘ ! : @ § 00
- - ' - N
> A THM Sarrperns - O 000«
. SN S KaAtras Meter Ar - 0 © o 1 0 000
. ) ’ - ¥ran Tidak Bertungs - 0 8 3 ° T 4 0 0«
J . “n ’ 2 Neterar Bereotn -0 0 0 0 9 3 0 C
340 e o5 . : Meseran fusak -0 © 3 © > - A 0
.11 o ’.4 3 MieSepel -0 0 0 0 0 O 800 e 0 ©
. - “n N I Melaywras -0 0 0 0 0 0 0 9 0 680
P .08 o. 00 F+ Pesrabaan Besw - 0 © L0 010
by . *" Femrbayaras - 0 ] 000¢
- . .14 - hen Alsesors - 25D L8 -6 ' - 200
. g e Pebadan Dats 3 00 000 ¢
9 -y Perbadkan initalas ) ] L0 000¢
5. o .5 ” Ferakan taghan > 1 0 ) 0 ‘B R R 0 ¢
. o ¢ A Argeh pr Poe 10000 0
o. 4 o 6. b Madah Fousl Meter - O cooe 003 cooooeovwe cococepo
‘" P ‘. - Foa Bacer . O 0 - ) 01 EERERERER o
- .- B . Prome - O 0 oo 000 D000DD S 0
Lo . " “ P laulnan o 200005 A EEEEEEREEY ‘
5.0 P o ° Telaran Ax tact - 0 00 941000 Oooosoow® c
o .38 POy e Tun ggakan 20003 0001 : G
Noup Sermertars - 0 = 30001 030 2 ) - >
' ‘- ' A K VN -0
1. - - = ~ 4 > s h &~ - S8E4%3 8 -
$E $33853s3 8553852 ;&12‘33; 5
. . " ' 5 2E40RE T ERER: £ & R 8
TP — 2.9 y 2 % - =~ FrESEEE RSP RT L - 28 e i $
g e skl ¥SPcass §23332° -
- R LR ‘- 2 E< PESS 2EFEERE: = ). 5313 &
werlos it ive ’ o " ’ 3 5'!55:-.. CeF3E3 3§55  « 3
2.4 ot .4 827033535 % s 24143 e
£ e g a9 >
: £ Es3273 [ F2a -]
' » 0 . g ; - 4 3 ¢ts 5
d.4e o ‘- . - 2cy 4 ¥ -
) | Bl - } 4
3 e
P “" 3 2 3
s .0 8y 2y 2 .
itad as g a8 P s is Ivedcted Labeis
. . .
Figure 4. Accuracy and Confusion Matrix
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Figure 5. Accuracy and Confusion Matrix
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Figure 6. Accuracy and Confusion Matrix

3.4 Discussion

The three algorithms evaluated in this study—Logistic Regression, LightGBM, and Random
Forest—demonstrated varying levels of performance, each with distinct strengths and limitations.
a) Logistic Regression

The Logistic Regression model achieved an average precision of 67.22% and recall of 61.89%.
Despite its simplicity, the algorithm is effective for datasets with a linear relationship between features
and the target variable. Its computational efficiency and ease of interpretation make it an ideal choice
for applications requiring transparent analysis of the factors influencing classification results. However,
its performance declines on datasets with nonlinear or complex patterns, limiting its effectiveness when
handling highly variable data.
b) LightGBM

LightGBM excelled in terms of processing speed, recording an average precision of 65.33% and
recall of 62.78%. Among the three models, it proved most effective in handling imbalanced data. This
advantage was enhanced by the application of the SMOTE method, which successfully improved class
distribution, enabling LightGBM to better identify patterns in minority classes. Nonetheless, while its
speed is a major strength, LightGBM requires complex hyperparameter tuning to achieve optimal
performance.
¢) Random Forest

Random Forest achieved the highest accuracy during testing at 90.09%, demonstrating its
reliability in handling complex data patterns. The model showed high stability even with datasets
containing significant variation. Its ensemble mechanism effectively prevents overfitting, making it a
robust choice for text classification. However, while its precision and recall were only slightly lower
than those of LightGBM, this suggests that Random Forest may be less effective in detecting minority
classes in imbalanced datasets.
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Overall, the findings indicate that LightGBM is the most suitable algorithm for applications where
processing speed and the ability to handle imbalanced data are critical. Its strong precision and recall
highlight its capability to deliver better results for minority classes, which often present challenges in
text classification tasks. Random Forest, with its highest overall accuracy, offers exceptional stability in
recognizing complex data patterns and is best suited for scenarios where accuracy takes precedence
over speed. Logistic Regression remains a viable option for applications requiring a straightforward,
efficient, and interpretable model.

4. CONCLUSION

This study demonstrates that machine learning algorithms can be effectively utilized to classify
customer complaints at PERUMDAM, providing a technology-based solution capable of overcoming
classification challenges and improving the efficiency of data processing. The evaluation of Logistic
Regression, LightGBM, and Random Forest algorithms reveals that each has distinct strengths and
limitations, making them adaptable to specific operational requirements. LightGBM emerged as the
most suitable algorithm for handling imbalanced datasets due to its high processing speed and accurate
predictions, making it the primary choice for implementing technology-driven complaint management
systems. Random Forest offers advantages in terms of stability and overall accuracy, making it ideal
for applications that prioritize the identification of complex data patterns. Meanwhile, Logistic
Regression serves as a simple yet efficient alternative, particularly for applications requiring clear
model interpretation.

The findings provide practical value for the development of more responsive and efficient
customer complaint management systems, while also contributing academically by broadening the
understanding of machine learning applications in text data classification. Furthermore, the results
hold significant social relevance by supporting improvements in customer satisfaction and public trust
in service delivery. In conclusion, the choice of the most appropriate algorithm depends on the specific
needs of the application, whether in terms of speed, accuracy, or interpretability. This research is
expected to serve as a strong foundation for the implementation of technology-based solutions in the
public service sector and to inspire further studies in the field of text data classification.
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