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Abstract

The process of lodging complaints represents a complex behavioral construct, influenced by the interplay of
emotional states, sociocultural factors, and situational contexts. It functions as a pivotal channel for citizens to express
dissatisfaction regarding the quality of governmental services. This research aims to optimize public complaint
management by leveraging deep learning-based text classification on citizen submissions collected from the Denpasar
City Complaint Web Portal. The methodological approach integrates several neural network models, including
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term Memory
(LSTM) networks, further enhanced by a Stacking ensemble technique that amalgamates the strengths of each
architecture. The dataset consists of 10,302 textual records, categorized into four semantic classes: Complaints,
Suggestions, Inquiries, and Information. To improve the robustness and reliability of the classification, advanced
preprocessing steps were implemented, including the application of the Synthetic Minority Over-sampling Technique
(SMOTE) to alleviate class imbalance and the utilization of Term Frequency—Inverse Document Frequency (TF-IDF)
for extracting the most informative textual features. Empirical results demonstrate that the Stacking ensemble model
significantly outperforms individual baseline models, achieving an accuracy of 77.83%, with recall and F1-score
values of 74.38%. These findings highlight the effectiveness of ensemble deep learning approaches in multiclass
complaint classification, thereby supporting improvements in public service delivery and fostering greater
governmental transparency. Ultimately, this study contributes to the field of automated text classification by
illustrating the potential of advanced neural architectures to enhance citizen participation and institutional
accountability.
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1. INTRODUCTION

Complaint behavior represents a multifaceted psychological and social phenomenon that fulfills
diverse roles across individual, interpersonal, and organizational settings. Its primary function pertains
to the regulation and expression of emotional tension [1], problem-solving [2], seeking empathy [3],
social bonding [4], and challenging unfairness or power structures [5]. The way complaints are
expressed and received is shaped by cultural, relational, and psychological factors [6].

The expression of public dissatisfaction is instrumental in assessing and advancing the standards
of services provided to the public [7]. With the rise of digital platforms, governments increasingly use
electronic systems to collect, manage, and respond to citizen complaints, aiming for greater
transparency, responsiveness, and service quality [8]. Effective complaint management is now seen as
a key indicator of good governance and public trust [9]. When complaints are handled efficiently, it
leads to higher citizen satisfaction [9], improved trust, and better service delivery. Well-designed
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complaint systems and responsive processes are essential for enhancing public service quality and
maintaining public trust [10], [11].

Managing public complaints is a critical aspect of public service delivery and governance.
Effective complaint management systems not only improve service quality but also enhance
accountability, citizen satisfaction, and organizational efficiency [9], [12]. Therefore, efficiently
grouping and categorizing public complaints is paramount for improving the responsiveness and
effectiveness of public service delivery [13]. Without proper classification, organizations struggle to
accurately allocate resources, promptly address issues, and ultimately enhance overall service quality.

Grouping public complaints is a critical process for improving the efficiency and effectiveness of
public service responses [14], [12]. By categorizing complaints, organizations can better allocate
resources, address issues promptly, and enhance overall service quality [15], [16]. In this study,
complaints submitted by the public were classified using several deep learning algorithms as well as
combinations of these algorithms. The proposed framework is designed to empirically validate the
effectiveness of deep learning methodologies in facilitating precise classification of public complaints.

Several studies that served as references for the development of this research include research
from V. Vinayak et al. at 2023 regarding “Consumer Complaints Classification using Deep Learning &
Word Embedding Models” [17]. By integrating advanced deep learning architectures—such as Long
Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Bidirectional LSTM (Bi-LSTM), and one-
dimensional Convolutional Neural Networks (1D-CNN)—together with sophisticated word embedding
techniques including Word2Vec, FastText, BERT, and DistilBERT, consumer complaint data can be
systematically classified into six distinct and well-structured category groups. Among these
architectures, the DistilBERT and CNN models demonstrate superior performance in consumer
complaint classification, attaining an exceptional F-score of 93%. Research from Sujata Khedkar et al.
in 2020 entitled “Deep Learning and Ensemble Approach for Praise or Complaint Classification” [18].
The comparison between Machine Learning, Deep Learning, and Ensemble Learning methods for
classifying praise or complaints leverages hybrid features based on the linguistic characteristics of
extreme opinions. The proposed Ensemble classifier integrates SVC, Random Forest, Decision Tree,
and MLP classifiers. Evaluations were conducted on hotel domain reviews, measuring performance
through Accuracy, Precision, Recall, and F1-score. Both the proposed Ensemble classifier and Deep
Learning models demonstrated superior classification accuracy for praise or complaint classification in
online reviews when compared to existing methods. Then research from Shinta Devi Lukitasari et al. in
2020 entitled “Deep Learning-Based Complaint Classification for Indonesia Telecommunication
Company's Call Center” [19]. Using RNN algorithms, it was successfully demonstrated that a deep
learning framework can be employed to develop an automated complaint classification system. The
training process of the classification model yielded promising results, with LSTM and GRU models
reaching accuracies of up to 86.61% after 10 epochs. Research from M. A. Bashar et al. in 2020 entitled
“Regularizing LSTM classifier by transfer learning for detecting misogynistic tweets with small training
set” [20]. Despite restrictions imposed by a limited training corpus, a pretrained LSTM language model
(LM) can function as a regularization mechanism for an LSTM classifier, facilitating the development
of an accurate and generalizable classification model. Within a Bayesian theoretical framework, transfer
learning (TL) may be interpreted as a principled approach to regularizing uncertainty, thereby improving
model reliability in probabilistic reasoning contexts. When just a small training dataset is available, the
study demonstrates that a language model pre-trained on datasets spanning general to task-specific
domains can successfully regularize an LSTM classifier. This method allows the LSTM model to
surpass the most advanced classification models, according to empirical study using two small Twitter
datasets. Consumer complaints are presented as text and categorized into six different types using deep

412


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.1.4153

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 1, February 2026, Page. 411-430
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.1.4153

learning models (LSTM, GRU,Bi-LSTM, and 1D CNN) and word embedding methods (Word2Vec,
FastText, BERT, and DistilBERT).

For effective complaint classification, it is recommended to combine ensemble learning and deep
learning algorithms [21], [22], capitalizing on the strengths of both approaches to improve robustness
and accuracy [23], [24]. For instance, it has been demonstrated that combining ensemble classifiers like
SVC, Random Forest, Decision Tree, and MLP with deep neural networks like CNN, Dense Neural
Networks, and Multichannel CNN improves important performance metrics like accuracy, precision,
recall, and F1-score when classifying reviews as either positive or negative [18]. Moreover, ensemble-
based strategies, including Stacking, Augmenting, and Bagging, have consistently demonstrated their
efficacy in augmenting the performance of deep learning models. Such enhancements have been
especially prominent within high-precision domains such as medical image classification, where these
methodologies have produced notable improvements in Fl-score performance and classification
reliability [25].

In response to the challenges previously outlined, this research employs a combination of
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term
Memory (LSTM) models, unified through a stacking ensemble strategy, to classify public complaints
sourced from the Denpasar region. The central objective is to develop a deep learning—based
classification system capable of identifying the polarity embedded within complaint sentences, thereby
enabling a more nuanced understanding of public sentiment. These interpretive insights hold significant
potential to inform legislative refinement and improve the responsiveness of public service institutions,
offering valuable guidance for policymakers, researchers, and government entities alike.

This research also aims to assess and compare the effectiveness of various deep learning
architectures in categorizing public complaint data by employing an ensemble learning strategy. The
approach utilizes a stacked framework that combines Convolutional Neural Networks (CNN), Recurrent
Neural Networks (RNN), and Long Short-Term Memory (LSTM) models into a unified predictive
system. The primary contribution of this research lies in the comprehensive comparative assessment of
these neural structures to determine the most efficient and robust model for the specified classification
objective. The outcomes of this investigation are expected to serve as a foundational reference for future
scholarly efforts aimed at advancing text classification methodologies, with particular emphasis on the
Indonesian language context.

2. METHOD

2.1. Deep Learning

To support the efforts of government institutions, academic researchers, and practitioners in
developing more responsive policies and services, this study aims to design a deep learning model
architecture capable of detecting sentence-level polarity. By doing so, it is expected to generate more
profound insights into the nature and sentiment of public complaints [26], [27], [28]. A paradigm shift
has occurred within artificial intelligence, driven by the capacity of machines to perform functions
historically demanding human cognitive abilities. Speech and picture recognition, natural language
processing, and a variety of other challenging cognitive tasks are important application areas [29], [30].

Unlike conventional machine learning methods, deep learning represents a transformative
advancement in text classification, providing significant improvements in both feature representation
and predictive performance. One key strength of deep learning within this context is its capacity to forgo
manual feature engineering, as it can automatically derive meaningful and hierarchical feature
representations directly from unprocessed text data. This capability is realized through various neural
architectures: Convolutional Neural Networks (CNNs) demonstrate exceptional proficiency in
identifying local structural patterns, while Recurrent Neural Networks (RNNs) and Long Short-Term
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Memory (LSTM) models effectively capture linguistic sequentiality by preserving temporal
dependencies and extended contextual information. The inherent strength of deep learning frameworks
in handling large-scale and complex datasets underpins their superior generalization ability and explains
their prevailing success across numerous natural language processing tasks [31], [32], [33].

The performance of text classification systems can be further augmented through the strategic
implementation of ensemble learning methods. Hybrid models that integrate CNNs and LSTMSs, for
example, take advantage of the strengths of both architectures: CNNs excel at extracting high-level
features, while LSTMs capture long-term dependencies in text. Text classification has shown great
success with this combination technique. Prior studies have demonstrated that hybrid model
architectures tend to achieve superior performance compared to single-model approaches, offering
improvements in both predictive accuracy and model robustness. For instance, the MCNN-LSTM
model, which combines CNNs and LSTMs, has demonstrated superior performance in classifying multi-
class text in imbalanced news datasets compared to traditional machine learning methods [34], [35].
Additionally, attention-based Bi-LSTM+CNN models, Several approaches have been introduced to
enhance classification accuracy by directing the model’s attention toward the most informative segments
of the text [36]. These ensemble methods highlight the considerable promise of deep learning in
improving text classification, offering solutions that are both more precise and resilient.

2.2. Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs) are a well-established class of deep learning techniques,
renowned for their effectiveness across a range of machine learning applications, particularly in the
domain of text classification [37]. Their architecture enables the effective extraction of local features and
patterns through convolutional layers, which is particularly advantageous when processing sequential
data such as textual inputs. Within the scope of text classification, CNNs are capable of learning and
identifying important features, including n-gram structures, that contribute to accurate categorization of
textual content.

Contemporary studies have introduced composite deep learning frameworks that fuse
Convolutional Neural Networks (CNNs) with Recurrent Neural Networks (RNNs), thereby exploiting
the complementary advantages inherent in each architecture. This integrative modeling strategy
effectively combines CNNs’ capacity for local feature abstraction with RNNs’ aptitude for capturing
temporal dependencies, resulting in significant performance gains in text classification tasks. [38].
Another approach involved optimizing CNNs using Genetic Algorithms to fine-tune parameter settings,
which significantly improved classification accuracy for Arabic text [39]. Furthermore, innovative
techniques such as term-based pooling and attention mechanisms have been integrated into CNN models
to enhance their ability to focus on relevant words, leading to improved classification outcomes [40].
These improvements confirm CNNs' broad applicability and stability in text classification, proving
reliable across diverse languages and datasets. Equation 1 is CNN theorem equation.

. .k . .
yl,] — Zmozno(xl+m,j+n . Wm,n,k + bk (1)

Note:
o ybi * = is the output feature map for the k-th filter at position (i, j)
o x = represents the input or feature map
. w = is the filter (or kernel)
. bk = is the bias for the k-th filter
. m and n = are the dimensions of the filter.
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2.3. Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) represent a specialized class of neural network architectures
engineered explicitly for processing sequential data, such as speech signals, textual inputs, and time-
series information. In contrast to traditional feedforward networks, RNNs incorporate recurrent
connections that form directed cycles, enabling the networks to retain contextual knowledge from
preceding inputs. This ability to maintain temporal dependencies equips RNNs with a distinct advantage
in domains where the order and contextual linkage among data points are critical. Specifically, in the
realm of text classification, RNNs efficiently model sequences of words to uncover underlying syntactic
structures and semantic associations. These sequential dependencies are essential for accurate
comprehension of the nuanced meanings embedded within textual content [41]. For instance, a bi-
directional RNN encodes each word by combining forward and backward hidden states, thus enhancing
the representation of the text by considering both preceding and following contexts [42]. To address
issues like vanishing gradients, contemporary neural architectures integrate specialized components such
as Long Short-Term Memory (LSTM) units and Gated Recurrent Units (GRUs), which are designed to
enhance gradient flow and preserve long-range contextual information. These enhancements significantly
improve the model’s capacity to capture and retain long-range dependencies in sequential data [38].
Hybrid neural configurations that integrate RNNs with architectures such as Convolutional Neural
Networks (CNNs) or attention-based mechanisms have shown enhanced effectiveness in text
classification tasks, as they capitalize on the complementary strengths of different modeling techniques
[42], [43]. Attention mechanisms enhance classification performance by allowing the model to focus
selectively on the most relevant portions of the input text. Consequently, RNN-based architectures and
their derivatives have demonstrated strong effectiveness across various text classification tasks, including
sentiment analysis and topic identification [44]. Equation 2 is RNNs theorem equation

he = f(he—q + x)ye = g(he) (2)
Note:
o h; = the hidden state at time step t
o Xt = the input at time step t
o f and g = activation functions

2.4. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) models, a refined form of recurrent neural networks (RNNs),
are explicitly designed to capture and preserve long-distance dependencies within sequential data. This
capability addresses a major limitation of standard RNNs, which often struggle to retain information over
extended input sequences. The architectural innovation of Long Short-Term Memory (LSTM) networks
lies in their integration of memory cells, which are designed to retain information over long sequences
and thus resolve the vanishing gradient issue common to traditional RNNs. This structural advantage
makes them particularly potent for applications in time series analysis and natural language processing
(NLP). This enables LSTMs to learn and preserve important features from sequences, such as words in a
sentence, which is essential for text classification tasks. In these tasks, LSTMs categorize unstructured
text into predefined classes by learning the contextual relationships between words. For instance, several
research have shown that merging LSTMs with Convolutional Neural Networks (CNNs) can enhance
feature extraction and increase classification accuracy [35], [36]. Hybrid models, such as Bi-LSTMs with
attention mechanisms, further enhance the classification process by selectively focusing on the most
critical parts of the text[36]. In addition, performance enhancements have been reported when LSTM
architectures are combined with optimization strategies such as genetic algorithms or augmented with
graph-based attention mechanisms. Collectively, LSTMs remain a crucial component of contemporary
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text classification frameworks, delivering robust capabilities for handling complex and large-volume
textual datasets [45]. The ability of Long Short-Term Memory (LSTM) networks to address the
vanishing gradient issue arises from the presence of four essential gating mechanisms within each
memory cell. These gates act as control units, modulating the flow of information by determining what
should be retained or discarded from the cell state during each sequential update.

Forget gate:

Within a Long Short-Term Memory (LSTM) unit, the forget gate serves as a fundamental
mechanism that governs the selective retention or removal of information from the preceding cell state.
This regulatory function enables LSTM architectures to efficiently manage long-term dependencies by
systematically filtering out obsolete or non-essential data from their internal memory, thereby preserving
information essential for sequential learning tasks. Equation 3 is Forget Gate LSTM.

ft = U(Wf [he—1, xe] + bf) 3)

Note:
o ft = Output of the forget gate at time step t; decides what to forget
o o = Sigmoid activation function, outputs values between 0 and 1
o Wf = Weight matrix for the forget gate
o [h¢—1,x:] = Concatenation of the previous hidden state and current input
o by = Bias term for the forget gate

Input gate:

At a given time step, the input gate governs the incorporation of new information into the cell state.
By utilizing both the present input and the preceding hidden state, it refines the cell’s internal memory
structure in conjunction with a candidate memory, thereby facilitating the integration of relevant data into
the network’s long-term representation. Equation 4 is Input Gate LSTM.

ir = o(W; - [he—q,x¢] + b;) “4)
Note:
o i; = Output of the input gate (which parts of the new information to use)
o o = Sigmoid activation function
o W; = Weight matrices for the input gate
o [h¢_1, x¢] = Concatenation of previous hidden state and current input
o b; = Bias terms
Candidate Memory Cell:

The candidate memory cell, denoted as C;, represents the new content that could be added to the
LSTM’s internal memory (cell state). It captures potential new information derived from the current input
x; and the previous hidden state h;_4, but only parts of it are added. Equation 5 is Candidate Memory
Cell LSTM.

Ct = tanh(W¢ - [he—q, %] + bc) (5)
Note:
o C; = Candidate cell state (new memory content)
° tanh = Hyperbolic tangent activation function (values between -1 and 1)
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o W, = Weight matrix for generating candidate memory
o [h¢—1,x¢] = Concatenation of previous hidden state and current input
o b, = Bias term

Memory Cell Update:

The memory cell update is the core step in an LSTM (Long Short-Term Memory) where the
internal cell state C; is updated based on what the LSTM remembers from the past (controlled by the
forget gate), What new information to add (controlled by the input gate and candidate memory). This
process allows the LSTM to retain long-term dependencies and dynamically update its memory over
time. Equation 6 is Memory Cell Update LSTM.

Ce=fr Ceoqa+ i C (6)

Note:
o C; = Updated cell state at time step t
o f: = Forget gate output — what to forget

° Cy_1 = Previous cell state (long-term memory)

. i; = Input gate output — what new info to add

o C; = Candidate memory — potential new memory content
Output Gate:

The output gate controls what information from the cell state C; should be sent as the hidden state
h;. This hidden state is also passed to the next time step and possibly used for downstream tasks (like
classification, prediction, etc.). The output gate is the final decision-maker: it decides what the LSTM
reveals from its internal memory to the outside world. Equation 7 is Output gate activation LSTM and
Equation 8 is Hidden State LSTM.

Output Gate Activation:
op = oW, - [he—1, x¢] + Do) (7
Hidden State (Output):
hs = o - tanh(C;) (8)
Note:
o o; = Output gate vector (what to output)
o h; = Hidden state at time t; the LSTM’s output
o C; = Current cell state (internal memory)
o tanh(C;) = Scales memory values to range [-1, 1]
o [h¢_1,x¢] = Concatenation of previous hidden state and current input

o W,, b, = Weight matrix and bias for the output gate
o o = Sigmoid activation (outputs between 0 and 1

2.5. Stacked Model

Stacked generalization, or the stacked model, is an advanced ensemble learning approach that
seeks to enhance prediction capabilities by amalgamating multiple distinct base models. In this
architectural scheme, individual base models are arranged in a hierarchical configuration, typically
consisting of one or more tiers. The resulting outputs are subsequently forwarded to a higher-level
metamodel, which integrates these responses to generate the final predictive outcome [46]. By exploiting
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the advantages of diverse algorithms, this technique diminishes the shortcomings of singular models
and elevates aggregate accuracy. Typically, base models are trained via cross-validation, with their
predictions then serving as features for the metamodel. This metamodel is subsequently trained on a
distinct validation set to avert overfitting.

The effectiveness of stacked models has been demonstrated across various domains, including
intrusion detection in wireless networks and crime prediction. For instance, in intrusion detection,
stacked ensemble learning has shown superior performance compared to individual algorithm, achieving
higher accuracy in classifying attacks. Similarly, in crime prediction, a stacked ensemble approach using
SVM algorithms has outperformed other machine learning models, achieving a classification accuracy
01 99.5% [47]. These examples highlight the robustness and versatility of stacked models in handling
complex and diverse datasets, making them a valuable tool in the machine learning toolkit.

Ensemble method operates by having each subsequent predictor analyze the errors of its
predecessors, aiming to generate more accurate forecasts. Figure 1 illustrates a stacked ensemble
learning technique that combines several base learners by feeding the same training data into each and
merging their predictions to train a meta-model, such as logistic regression. This technique enhances
prediction quality by leveraging the diverse strengths of each constituent model. It arranges multiple
comparatively weak learners into a coordinated progression, in which every subsequent model is
optimized to address the misclassifications produced by the one before it. Consequently, the ensemble
evolves into a robust predictive system that substantially increases overall accuracy and generalization
capability.
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3. RESULT

3.1. Dataset

The dataset utilized in this research includes 10,302 public complaints submitted by citizens of
Denpasar through the official Denpasar City Complaint Webpage (pengaduan.denpasarkota.go.id) [48],
Figure 2 visually represents the interface of this webpage, serving as the primary source of our data.
Data was systematically collected over a five-year period, spanning from February 2019 to February
2024. The complaints, originally unstructured text, were categorized into four distinct expression
classes: 'Keluhan' (Complaint), 'Usul/Saran' (Suggestions), 'Pertanyaan' (Questions), and 'Informasi'
(Information). As Table 1 indicates, there was a significant class imbalance within the collected data,
with 'Keluhan' being the predominant category. To mitigate the skewed distribution among categories,
the Synthetic Minority Over-sampling Technique (SMOTE) was employed to increase the presence of
minority classes, thus promoting a more uniform data composition. Additionally, class-weight
adjustments were introduced during model training to counterbalance the impact of class disparities,
enabling improved generalization across diverse input instances. Subsequently, the dataset was
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systematically partitioned into training and testing subsets following an 80:20 split, allocating
approximately 80% of the records for model learning while reserving the remaining 20% to assess
predictive performance on previously unseen instances.
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Figure 3. Denpasar City Report Webpage

There are four expression classes to be classified, namely Keluhan (Complaint), Usul/Saran
(Suggestions), Pertanyaan (Questions), and Informasi (Information). Table 1 presents the distribution of
these complaint classes, revealing a substantial imbalance. As shown in Table 1, 'Keluhan (Complaint)'
is the most prevalent class with 8,256 data points, significantly outweighing 'Usul/Saran (Suggestions)'
(794), 'Pertanyaan (Questions)' (700), and 'Informasi (Information)' (552). This substantial disparity in
class sizes necessitated addressing the imbalanced dataset. To mitigate this, oversampling was
performed using SMOTE to achieve a more balanced class distribution. Furthermore, to counteract
potential biases introduced by oversampling and enhance the model's generalization capabilities, Class
Weights were also employed during the training phase. This combined approach successfully mitigates
class imbalance while maintaining the model’s reliability and ensuring a fairer evaluative process across
categories.

Table 1 Number of Data
Number of Complaint Data

Complain class

Keluhan (Complaint) 8256
Usul/Saran (Suggestions) 794
Pertanyaan (Questions) 700
Informasi (Information) 552

The dataset was partitioned into two subsets for experimental evaluation: a training set and a test
set, following an 80:20 proportion. In this configuration, approximately 80% of the data is allocated for
model learning, whereas the remaining 20% is designated to objectively assess the model’s predictive
performance.
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3.2. Pre-processing

Before using any classification model, the dataset must be refined by data pre-processing, which
is the next important step. This ensures that the data is properly prepared and optimized for classification
methods. The overall flow of this research, including the pre-processing steps, is visually represented in
Figure 3 (Research Design).

The pre-processing process begins by removing special characters, such as punctuation and
symbols, to eliminate noise from the text. Additionally, all textual data were transformed to lowercase to
ensure consistency and prevent the model from interpreting identical words as distinct solely based on
letter casing. As an illustrative example, Table 2 displays a sample of the collected raw data. After these
initial cleaning steps, a phrase like 'koman'kArXXXa- Harixxx 10:56:32' from the 'Description' field in
Table 2 would be transformed into a cleaner, lowercase format, preparing it for further linguistic
processing. These procedures contribute to producing a more standardized and streamlined dataset,
thereby enhancing the overall effectiveness and reliability of the model’s performance [49].

Table 2. Example of The Collected Data
Title LPJIJ PDAM
Title URL httos://pengaduan.denpasarkota.9.idt?page=Detail-
Penzaduan&tan2uaZe=id&dQmain=&oenz_id=XXXXX

Image https:f/pengaduan.denpasarkota.go.id/skins/renda/images flogo-
prodenpasar.png
Description koman'kArXXXa- Harixxx 10:56:32
boxbody Hallo pemkot dps, untuk pengaduan lampu penerangan jalan mati kemana sy

harus mengadu, mohon infonya terimakasih%l'. Lokasinya di jl tk badung
XXIII renon denpasar Kondisinya mati kemudian hidup sekian detik mati lagi
Sudati 3 butan lebih kondisinya seperti itu Semoga ce atditan ani

View_URL https:l/pengaduan.denpasarkqta.go.idluypengaduan YeuxIW—
WhatsA99%201mage%xxw-x-03-15%xx%xx.55.48%20AM.jpeg
Label Informasi

Attachment ext  IPJ
Attachmentextl Dinas Perhubungan Kota Denpasar
Attachmen ext2  Keluhan

badge 0
badge3 0 Tindak Lanjut
badge4 0 Komentar

Further, lemmatization is performed using the Sastrawi method [50], which is specifically tailored
for the Indonesian language. After designing the model, the subsequent step is to train using the prepared
dataset to achieve optimal performance. This training process focuses on optimizing the model’s
parameters and weights, thereby enhancing its accuracy and effectiveness in recognizing patterns and
extracting meaningful features from the data. Through this process, the model learns to improve its
predictions, allowing it to better classify or analyze new, unseen data based on the learned patterns. This
technique reduces words to their root forms, ensuring that variations of a word are treated consistently.
In addition, stop words, which are common words that add little informational value (e.g., "it", "the"), are
eliminated to focus on the most relevant terms. In the case of Bahasa Indonesia, stop words such as "yang"
and "di" are identified and removed. These pre-processing techniques collectively enhance the quality of
the dataset, enabling more accurate and efficient modeling with classification algorithms.
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Figure 4. Research Design

After the pre-processing stage, the text data is transformed through Term Frequency—Inverse
Document Frequency (TF-IDF) weighting. This method evaluates the significance of a term within a
specific document relative to its occurrence across the entire collection of documents. A term receives
a higher weight when it appears more frequently in a single document; however, its weight is reduced
if the term is widespread throughout the corpus. This mechanism ensures that routinely occurring words
do not exert an excessive impact on the final representation [51]. Highly beneficial in text classification,
this technique was utilized in our research. Specifically, Term Frequency-Inverse Document Frequency
(TF-IDF) weighting helped to ascertain the most indicative and important terms that delineate distinct
complaint categories. This method allows for more effective text analysis by emphasizing important
words in each document while reducing the influence of words that commonly appear across the entire
corpus [52]. The transformed data, now represented by TF-IDF features, was then used as input for the
various neural network models. Their configurations, carefully selected to optimize performance for text
classification, are detailed in Table 3. This table outlines key parameters such as input length, vocabulary
size, specific layers used in each architecture, and regularization techniques applied to prevent
overfitting.

Table 3. Models parameters and configurations

Mode Input Vocabul Layers Regulariza Drop Epoc  Batch Early
1 Leng ary Size tion out hs Size Stopping
th
CNN 10 5000 Embedding, L2 (0.01) 00.05 10 32 Yes
ConvlD, (patience=
MaxPooling1D, 3)
GlobalMaxPooli
nglD, Dense,
Dropout
RNN 10 5000 Embedding, None None 10 32 Yes
SimpleRNN, (patience=
Dense 3)
LST 10 5000 Embedding, L2(0.01) 00.05 10 32 Yes
M LSTM, Dropout, (patience=
Dense 3)
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3.3. Convolutional Neural Networks (CNN)

Figure 4 presents the training and validation outcomes achieved by the Convolutional Neural
Network (CNN) model, which depict both loss and accuracy metrics over four epochs. The training loss
demonstrates a consistent decline, indicating effective learning and optimization of the model
parameters throughout the training process. In contrast, the validation loss exhibits a more fluctuating
pattern, suggesting some variability in the model's ability to generalize to unseen data. As the model
continues to refine its ability to classify the training data, a consistent increase in training accuracy is
observed. Nevertheless, the validation accuracy remains comparatively modest, suggesting that although
the model fits the training set effectively, it struggles to replicate that level of performance when
evaluated on unseen validation data.

CNN Model Loss CNN Model Accuracy

184 —— Training Accuracy
validation Accuracy

—— Training Loss
Validation Loss

0.0 0.5 1.0 15 2.0 25 3.0 35 4.0 0.0 0.5 10 15 2.0 25 3.0 35 4.0
Epochs Epochs

Figure 5. Training and Validation Loss and Accuracy for the CNN Model

This discrepancy between training and validation performance highlights the complexities
involved in model training. The model's increasing ability to accurately categorize the training samples
is reflected in the training accuracy, which is increasing steadily. The fluctuations in validation loss
further emphasize the model's inconsistent performance on unseen data, which may be influenced by
factors such as data distribution or the inherent difficulty of the classification task. Overall, these
observations provide valuable insights into the model's learning dynamics and its current limitations in
achieving robust performance across different datasets.

Quantitatively, based on the performance metrics presented in Table 4, the CNN model achieved
an accuracy of 74.38%, Its precision, recall, and F1-Score values of 76.26%, 74.38%, and 72.55%,
respectively. The high precision indicates that CNN is effective at minimizing false positives, making it
strong in identifying non-relevant instances. However, the recall value of 74.38% suggests that the
model still misses a notable portion of true positives. Despite this, the F1-Score, though slightly lower
than precision, reflects a balanced performance between precision and recall. CNN thus provides reliable
results, with a tendency towards classifying the complaints accurately, but with a minor gap in
identifying all relevant cases.

3.4. Recurrent Neural Networks (RNNs)

Figure 5 illustrates the training and validation performance of the Recurrent Neural Network
(RNN) model, which illustrate both loss and accuracy metrics over seven epochs. the training loss
exhibits a general downward trend, indicating that the model is effectively learning from the training
data. However, the validation loss exhibits significant fluctuations, suggesting that the model's ability
to generalize to unseen data is inconsistent. This variability in validation loss may indicate challenges
in capturing the underlying patterns in the data.
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Figure 6. Training and Validation Accuracy and Loss for the RNN Model

Regarding accuracy, Figure 5 illustrates a steady rise in training accuracy, reflecting the model’s
growing proficiency in classifying the training dataset. In contrast, the validation accuracy remains
relatively low and exhibits minimal improvement, suggesting that the model encounters difficulties in
achieving comparable results on unseen data. This noticeable gap between training and validation
performance suggests limitations in the model’s ability to generalize effectively. Although the RNN
demonstrates learning progress during training, it may lack the capacity to adequately handle the
complexity inherent in the validation set.

From a quantitative standpoint, Table 4 indicates that the RNN model yielded the lowest
performance across all evaluation metrics. It recorded an accuracy of 61.14%, a precision of 71.30%, a
recall of 61.14%, and an F1-score of 65.27%. These figures suggest that the RNN was comparatively
less effective in learning the underlying patterns present in the dataset. The modest accuracy and limited
recall point to the model’s difficulty in correctly identifying complaint instances, especially in capturing
all relevant cases. Despite achieving a moderately satisfactory precision level, the notably low recall
indicates that the model fails to identify a substantial portion of actual positive cases, ultimately
diminishing its consistency and reliability across different class predictions. Overall, the RNN
demonstrates considerably weaker performance compared to the other models assessed in this research.

3.5. Long Short-Term Memory (LSTM)

Figure 6 presents the training and validation performance of the Long Short-Term Memory
(LSTM) model, showcasing both loss and accuracy metrics across seven training epochs. While the
model demonstrates effective learning on the training set, the persistent complexity of the validation
data appears to pose challenges for the model to generalize adequately. Notably, the validation loss
displays noticeable fluctuations, indicating instability in the model’s ability to adapt to previously
unseen data. Such irregularities may reflect difficulties in consistently identifying the underlying
structures within the dataset.

In terms of accuracy, the training accuracy shows a consistent upward trend, indicating the
model’s increasing capability in correctly classifying training instances. Nonetheless, the validation
accuracy remains relatively low and exhibits only marginal gains, suggesting that the model encounters
difficulties in replicating its training performance on unseen data. The observed variability in validation
accuracy further underscores the model’s unstable behavior during generalization. Collectively, these
findings point to the inherent challenges in training the LSTM model and its current limitations in
delivering reliable performance across diverse datasets.
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Figure 7. Training and Validation Loss and Accuracy for the LSTM Model

As reported in Table 4, the LSTM model achieved an accuracy of 69.92%, with a precision of
74.47%, a recall of 69.92%, and an Fl-score of 71.48%. These outcomes reflect a relatively strong
performance, placing the LSTM between CNN and RNN in terms of effectiveness. The precision value
suggests that the model is proficient in minimizing false positives, while the recall indicates a solid
capability in identifying true positive cases. The F1-score highlights a well-maintained balance between
precision and recall, underscoring the model’s overall reliability. Although LSTM effectively captures
sequential dependencies and proves suitable for text classification tasks, its overall performance still
falls short of that attained by CNN or the stacking ensemble approach.

3.6. Stacked Model

The stacking ensemble model is a sophisticated approach implemented in this study to enhance
classification performance, as outlined in the "Stacking" phase of the Research Design shown in Figure
3. This model utilizes predictions from three base models: a Convolutional Neural Network (CNN), a
Recurrent Neural Network (RNN), and a Long Short-Term Memory (LSTM) network.

The process begins by retrieving predictions for the training data from each base model and
converting these into class labels using the ‘np.argmax’ function. These labels are then combined to
form a new feature set, ‘X train_meta’, which serves as input for a meta-model trained with Logistic
Regression, utilizing the true labels of the training data as targets. After training, predictions are obtained
for the test dataset, converted to class labels, and combined into ‘X test meta’. The final predictions
are generated by the meta-model, enhancing classification performance. The effectiveness of the stacked
model is evaluated using the ‘classification report’ function, providing metrics such as precision, recall,
and F1-score for a comprehensive assessment of its predictive capabilities.

Table 4. Performance Metrics Comparison of CNN, RNN, LSTM, and Ensemble Learning Models

Model Accuracy Precision Recall F1-Score
CNN 74,38% 76,26% 74,38% 72,55%
RNN 61,14% 71,30% 61,14% 65,27%
LSTM 69,92% 74,47% 69,92% 71,48%
Stacking 77,83% 72,06% 77,83% 74,38%

As clearly shown in Table 4, the Stacking model exhibited the best overall performance across
all metrics, It achieved a remarkable accuracy of 77.83%, precision of 72.06%, recall of 77.83%, and an
F1-Score of 74.38%. The model’s high accuracy indicates its strong overall ability to correctly classify
instances, with a remarkable balance between identifying relevant and non-relevant complaints. The
precision of 72.06% suggests that while the model is proficient at correctly classifying positive cases, it
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also indicates a moderate occurrence of false positives, though it does not drastically affect the overall
performance. This makes Stacking a reliable model for ensuring that the number of incorrectly classified
non-relevant instances is kept to a reasonable level.

One of the key strengths of the Stacking model is its notably high recall of 77.83%, reflecting its
strong ability to correctly identify the majority of relevant instances. The model exhibits effective
learning behavior during training, as shown by the consistent decline in training loss, this outcome
suggests that the parameter configuration has been effectively optimized. The achieved F1-score of
74.38% also indicates a well-maintained balance between precision and recall. Through the integration
of several base learners, the stacking approach offsets the weaknesses of individual models, ultimately
resulting in a more robust and adaptable classification system. This ensemble approach enhances both
the detection of pertinent complaints and the overall classification accuracy, positioning the Stacking
model as the most dependable and effective solution for the classification task at hand.

4.  DISCUSSIONS

This research advances prior work in text classification by employing deep learning architectures,
including Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), Long Short-
Term Memory (LSTM), along with a stacking-based ensemble model, to analyze a distinct dataset of
public complaints originating from Denpasar City. Our primary objective was to compare the
performance of these algorithms in classifying complaints into 'Complaint', 'Information’, 'Suggestion'
and 'Question' categories, identifying the most effective model based on accuracy, precision, recall, and
F1-Score. Based on table 4, particularly the superior performance of the Stacking model (Accuracy:
77.83%, F1-Score: 74.38%), corroborate the growing consensus in the field that ensemble methods often
outperform individual models by leveraging their diverse strengths. While CNN demonstrated strong
individual performance (Accuracy: 74.38%), this was still surpassed by the combined intelligence of the
stacking approach. Conversely, the RNN model showed the lowest performance (Accuracy: 61.14%),
while LSTM, with its improved memory capabilities, performed better (Accuracy: 69.92%) than RNN.

Despite these promising results, this research encountered several inherent challenges,
particularly concerning the nature of the Indonesian language and the dataset itself. The complexity of
Bahasa Indonesia, characterized by its rich morphology and informal usage in public complaints, poses
significant hurdles for text processing. In contrast to widely resourced languages like English,
Indonesian still has limited availability of extensive linguistic tools and large-scale pre-trained models,
which may constrain the efficiency of tokenization and lemmatization processes. The use of the Sastrawi
method, while effective, may not fully capture all nuances of colloquial or abbreviated Indonesian
common in public discourse. Furthermore, the dataset, though oversampled with SMOTE, inherently
stemmed from real-world, often informal text, which can contain typos, slang, and mixed language,
introducing layers of noise that even robust pre-processing steps cannot entirely eliminate.

The outcomes of this study hold significance beyond the specific context of Denpasar City’s
complaint system, providing wider contributions to the fields of informatics and natural language
processing (NLP). The effective utilization of deep learning approaches, especially the stacking
ensemble framework, establishes a strong foundation for automating the categorization of unstructured
text data in public service contexts. Such an approach can substantially enhance the operational
efficiency of government agencies and related organizations by optimizing the processing of large
volumes of citizen feedback, ultimately enabling faster response actions and more strategic allocation
of resources. Practical implementations might include the use of similar models in emergency response
systems to prioritize incoming messages based on textual content, in customer support centers to direct
inquiries appropriately, or in social media surveillance to promptly detect emerging public concerns.
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Furthermore, this study contributes to the growing body of knowledge on deep learning
applications for low-resource languages such as Indonesian. The methodology employed, including the
pre-processing pipeline and the comparative analysis of deep learning architectures, can serve as a
blueprint for similar initiatives in other local languages or dialects across Indonesia and Southeast Asia.
The understanding obtained regarding the relative advantages and limitations of CNN, RNN, and LSTM
for this particular category of textual data can inform future decisions related to model selection and
architectural development. Ultimately, this study highlights the transformative role of artificial
intelligence in enhancing public sector services and promoting more effective citizen engagement
through the deployment of intelligent text classification solutions.

5. CONCLUSION

This study contributes to the continued development of text classification by employing deep
learning architectures such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM) models, and a stacking ensemble approach to analyze a
distinctive dataset of public complaints originating from Denpasar City. The main objective was to
assess and compare the performance of these models in classifying inputs into four categories:
‘Complaint’, ‘Information’, ‘Suggestion’, and ‘Question’. Evaluation was based on standard metrics,
including accuracy, precision, recall, and F1-score. The results, particularly the strong performance of
the Stacking model (Accuracy: 77.83 percent, F1-score: 74.38 percent), support the growing body of
evidence suggesting that ensemble-based methods often outperform individual models by combining
their respective strengths. While the CNN model achieved a solid individual result (Accuracy: 74.38
percent), it was still surpassed by the integrated capabilities of the Stacking ensemble. In contrast, the
RNN model delivered the weakest performance (Accuracy: 61.14 percent), whereas the LSTM model,
benefiting from improved memory retention, performed moderately better (Accuracy: 69.92 percent).

Beyond its immediate application to Denpasar City's complaint system, this research contributes
significantly to the broader field of text mining technology. The methodology and findings can be
generalized to diverse domains requiring automated text categorization, such as customer service
support ticket routing, sentiment analysis of social media feeds, spam detection, or document
classification in legal and medical fields. This demonstrates the potential for efficient data processing
and improved operational efficiency across various industries. The study additionally delivers important
insights into the implementation of deep learning for low-resource languages such as Indonesian,
serving as a reference for comparable initiatives targeting other regional languages or dialects
throughout Southeast Asia.

For future investigations, it is suggested to incorporate more sophisticated transformer-based
language models, including BERT, GPT, or IndoBERT which is specifically designed for Bahasa
Indonesia, as these models have demonstrated state-of-the-art performance across numerous natural
language processing benchmarks. Furthermore, investigating the efficacy of these models on
multilingual datasets would be a valuable direction, expanding the scope of applicability beyond a single
language. Future studies could also consider incorporating multi-modal data, such such as images or
voice recordings accompanying complaints, to enrich the analytical framework and potentially enhance
classification accuracy and reliability.
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