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FOREWORD

Greetings!

Ultima InfoSys : Jurnal [lmu Sistem Informasi is a Journal of Information Systems which presents
scientific research articles in the field of Information Systems, as well as the latest theoretical and
practical issues, including database systems, management information systems, system analysis and
development, system project management information, programming, mobile information system,
and other topics related to Information Systems. ULTIMA InfoSys Journal is published regularly
twice a year (June and December) by Faculty of Engineering and Informatics in cooperation with
UMN Press.

In this June 2026 edition, ULTIMA InfoSys enters the 1% Edition of Volume 17. In this edition
there are nine scientific papers from researchers, academics and practitioners in the fields covered
by Ultima Infosys. Some of the topics raised in this journal are: Analyzing Sentiments in Social Media
Posts About Indonesian Tourism with Naive Bayes; Applied Machine learning for Pediatric Nutrition A K-Means
Clustering Application Based on WHO Z-Scores; E-Service Quality Analysis of the MyTelkomsel Application
Using CSI, IPA, and PGCV; An Integrated Web-Based Waste Management Platform for Urban Collection
Schedulling and Fee Payment Services Pekanbaru City; A Cloud-Integrated Business Process Redesign
Framework for Digital Transformation in Traditional SMEs; Redundancy-Aware Feature Selection using mRMR
and F-Test for EEG Emotion Classification; Enterprise Architecture Design Using TOGAF ADM for Digital
Transformation at PT Profito Inovasi Kreatif; Depression Risk Classification Based on Self-Reported Psychosocial
and Behavioral Survey Data Using Machine Learning; ERP Human Resource Management Readiness Framework
Integrating Prioritization, Roadmaps, Risk Mitigation, McKinsey 7S.

On this occasion we would also like to invite the participation of our dear readers, researchers,
academics, and practitioners, in the field of Engineering and Informatics, to submit quality scientific
papers to: International Journal of New Media Technology (IJNMT), Ultimatics : Jurnal Teknik
Informatics, Ultima Infosys: Journal of Information Systems and Ultima Computing: Journal of
Computer Systems. Information regarding writing guidelines and templates, as well as other related
information can be obtained through the email address ultimainfosys@umn.ac.id and the web page
of our Journal here.

Finally, we would like to thank all contributors to this December 2024 Edition of Ultima Infosys.
We hope that scientific articles from research in this journal can be useful and contribute to the
development of research and science in Indonesia.

June 2026,

Monica Pratiwi, S.ST, MT.
Editor-in-Chief
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Abstract— The tourism sector is still the leading
alternative sector to boost the Indonesian economy.
However, the development of Indonesia's tourism sector
still faces challenges, particularly in communication and
publication, which remain inadequate. The purpose of
this research is to improve the quality of tourist
attractions by analyzing responses from visitors to assess
the community's feedback. This research aims to employ
a data analysis technique that automatically processes
these responses, enabling effective sentiment
classification and providing actionable insights for
enhancing tourism experiences. The method of this study
is sentiment analysis using text mining, specifically
utilizing the Naive Bayes algorithm to classify sentiment
efficiently. The data for this process is collected using the
API provided by the X platform. X was selected as the
research object because it facilitates rapid data retrieval
through keywords or hashtags, offering a rich source of
public opinion specifically on Indonesian tourist
destinations. Clearly, the results of this study
demonstrate the successful implementation of a website
created using the Python programming language. This
website visualizes the analysis of people's responses to
tourist attractions in graphical form, presenting the
percentage of each sentiment class. The text mining
process achieved an accuracy of 87%. The conclusion of
this study highlights its novelty in applying the Naive
Bayes algorithm for sentiment analysis of Indonesian-
language tweets related to tourism, a context that has not
been widely explored before. Future research can
enhance the sentiment analysis process by incorporating
a comprehensive list of positive and negative words in
Indonesian, further improving classification precision.

Index Terms— Analyzing sentiment; Naive Bayes;
Text mining; Tourism.

I INTRODUCTION

The tourism sector serves as a crucial alternative
driver for Indonesia's economic growth. In 2022,
Indonesia's tourism sector contributed 3.6% to the
national GDP, reflecting a decline from 4.2% in the
previous year [1]. This upward trend demonstrates the
sector's gradual recovery and growing significance to

the national economy after a period of challenges.
However, the development of Indonesia's tourism
sector still faces various challenges that must be
addressed to support national economic growth [2].
Key among these challenges are deficiencies in
communication and publication, which are critical for
promoting tourist destinations and attracting visitors.
Effective communication and publication are essential
to ensure positive feedback and sentiments from
visiting tourists, which play a crucial role in shaping
perceptions of tourist destinations.

Understanding  consumer  perceptions  is
particularly vital in the context of tourism destination
marketing, as it influences decisions to visit these
destinations [3]. The growing presence of digital
tourists highlights the importance of media in shaping
interests and preferences, contributing to the popularity
of certain themes and destinations [4]. This has led to
the rise of social media as a powerful platform for
gauging public opinion. Analyzing traveler sentiments,
therefore, is essential for enhancing the visibility and
appeal of tourist destinations. Leveraging the rapid
development of information technology, social media
platforms like X have emerged as valuable data
sources. With Indonesia ranking fifth globally in terms
of X users (18.45 million users as 0of 2022) [5], X offers
rich data for sentiment analysis, facilitated by its public
API, which enables efficient text data retrieval. This
makes X an ideal medium to explore real-time public
opinions on tourist attractions, contributing to a
dynamic approach to tourism promotion.

Sentiment analysis, or opinion mining, involves
analyzing opinions, evaluations, attitudes, judgments,
and feelings about products, services, organizations,
events, or topics. Although the field is well-
established, its application in tourism, especially in
Indonesia, has been insufficiently explored. In recent
years, there has been an increase in sentiment analysis
studies applied to tourism; however, these have
primarily focused on broader or international contexts
without addressing the unique linguistic and cultural
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nuances of Indonesian tourism discourse [6]. For
example, Mehraliyev et al, reviewed sentiment
analysis methodologies in tourism, emphasizing the
need for localized studies in emerging markets [7].
Similarly, Puh and Bagi¢ Babac (2023) employed
machine learning for sentiment analysis in tourism but
focused on European destinations, leaving a gap in
Indonesian-specific research [8].

This study aims to address these gaps by applying
the Naive Bayes algorithm to analyze sentiments in
Indonesian-language tweets about tourist destinations.
Previous research using the Naive Bayes method has
demonstrated promising results, such as an accuracy of
81.77% in sentiment analysis [9]. However, despite
these advancements, there is still limited research
specifically targeting Indonesian-language tweets in
the tourism sector. Al-Bakri et al. (2022) compared
Naive Bayes with other algorithms, such as KNN,
highlighting the superior performance of Naive Bayes
in specific contexts, though not in Indonesian tourism
[10]. Similarly, Singgalen (2024) demonstrated the
effectiveness of the Naive Bayes Classifier in
classifying sentiments related to over-tourism issues,
highlighting its ability to handle nuanced public
perceptions and facilitate sustainable tourism practices
by addressing imbalances in data distribution through
techniques like SMOTE [11]. Kalaivani et al. (2023)
further highlighted the reliability of machine learning
techniques like Naive Bayes in hotel review sentiment
analysis [12]. Additionally, Bi et al. (2024) provided
an extensive review of text analysis methods in
tourism, emphasizing the use of text mining techniques
like sentiment analysis and topic modeling. Their study
highlighted the utility of these approaches for
understanding complex tourist behaviors, predicting
industry trends, and managing dynamic challenges in
tourism and hospitality [13].

The study differs from prior works in several key
aspects. First, it focuses exclusively on Indonesian-
language tweets, addressing the linguistic and cultural
context that has been largely overlooked in previous
studies. Second, it integrates recent advancements in
machine learning, specifically in the area of data
preprocessing.  Techniques like case folding,
tokenization, stopword removal, stemming, and TF-
IDF weighting were employed to improve data quality
and feature extraction. These preprocessing steps
ensure that the text data is cleaned and structured
effectively, enhancing the quality of the sentiment
classification. Third, this study emphasizes practical
applications, such as visualizing sentiment analysis
results to aid decision-making for potential tourists and
industry stakeholders. By leveraging social media data
from X, this research not only contributes to the
growing body of sentiment analysis literature but also
offers practical tools for enhancing tourism marketing
strategies and improving tourism experiences in
Indonesia.

1L METHODOLOGIES

The research object used in this study is the response
from the public obtained from X. This method follows
a similar approach described by Hasanati [14], where
sentiment analysis was performed using data from X
to assess public opinions, and a series of preprocessing
steps, such as text normalization and classification,
were employed to structure the data for analysis. The
research method is depicted in the following diagram
in Fig. 1 below.

X Data Collecti ¥ Text Prepr i >

l

Labelling Data

Sentiment
and
Evaluation

A

Vectorization <

Fig. 1. Research methods diagram

A. X Data Collection

The data for this study was retrieved using the X
platform's public API, requiring an API Key and an
Access Token to access the data. Data collection was
conducted using a predefined set of keywords related to
popular Indonesian tourist destinations, such as "Candi
Prambanan," "Borobudur," and "Malioboro," which
were selected based on their relevance to tourism
discussions on X. The data was gathered over a period
from March 2023 to June 2073, during which a total of
2,717 tweets were collected The following is the raw
data crawling results shown in Table 1.

TABLE L RAW DATA
Timestamp Raw_Text Label Hastag
2023-03-17 | berapa harga tiket NaN Candi
19:33:05 candi prambanan Prambanan
2023-03-17 RT @media_twc: PT Candi
TWC melakukan NaN
19:33:05 Prambanan
penutupan dest...
2023-03-17 | RT @media_twe: PT Candi
TWC melakukan NaN
19:33:05 Prambanan
penutupan dest...
19:33:05 are v Prambanan
2023-03-17 | RT ~ @Fredy siTom: Candi
aa. @VeelaaRhie  Candi NaN
19:33:05 Prambanan
Borobudur d...

Table I presents the initial results of the data
collection process, consisting of raw textual data
retrieved from the X social media platform through its
public API using the keyword “Candi Prambanan.” The
raw text attribute contains the original, unprocessed
content of each social media post as published by users,
including informal language, abbreviations, and
contextual expressions that reflect authentic public
discourse. As such, this attribute may include noise
such as reposts, user mentions, hashtags, URLs, and
other non-informative elements, and therefore has not
yet undergone text cleaning or sentiment classification.
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The hashtag attribute indicates the tourism-related
keyword or destination associated with each post and is
used to link individual texts to specific tourist
attractions during the analysis. The Label column is
intentionally left empty at this stage, as sentiment
categories (positive, neutral, or negative) are assigned
only after the preprocessing and lexicon-based labeling
procedures are completed. Additionally, the timestamp
attribute records when each post was collected,
enabling temporal traceability of public responses.
Overall, this table illustrates the role of raw social
media data as the foundational input for subsequent
sentiment analysis using the Naive Bayes algorithm to
computationally assess public perceptions of
Indonesian tourist destinations.

B. Text Preprocessing Process

After the data crawling process from X, text
processing is conducted as a crucial step in sentiment
analysis. This stage aims to clean and transform
unstructured data into a structured format that can be
efficiently processed by the system, enabling
algorithms to calculate and classify sentiments with
greater accuracy [15]. The preprocessing process
involves several stages to prepare the text for analysis.
Firstly, text cleaning is performed to eliminate non-
textual characters like numbers, punctuation, and
unnecessary spaces. Subsequently, case folding is
applied to ensure uniformity by converting all text to
lowercase, preventing distinctions based on
capitalization. Tokenization follows, breaking down
sentences into individual words or tokens, facilitating
further processing. This step enables thorough cleaning
of each component within the text, such as tweets.
Finally, stopword removal occurs, where common
connecting words like "in," "to," "which," and "and"
are filtered out using a predefined stoplist, refining the
text for subsequent analysis. Each stage contributes to
enhancing the quality and relevance of the text data for
subsequent tasks.

The results of this process will be displayed in Table I1
below:

TABLE II. PREPROCESSING RESULTS

Timestamp Text_clean

2023-03-17 19:33:05 berapa harga tiket candi prambanan

PT TWC melakukan penutupan
destinasi Taman Wi...

PT TWC melakukan penutupan
destinasi Taman Wi...

Terima kasih telah meliburkan area
Candi Pram...

Candi Borobudur dibangun oleh
Raja dari Dinas...

2023-03-17 19:33:05

2023-03-17 19:33:05

2023-03-17 19:33:05

2023-03-17 19:33:05

C. Stemming

After the text preprocessing in Table II is
performed, the stemming process continues, converting

the words into their root words. The stemming results
are displayed in Table III below:

TABLE III. STEMMING RESULTS
Text_clean Text_stemming
berapa harga tiket candi | berapa harga tiket candi
prambanan prambanan
PT  TWC .me.lakukan pt twc laku tutup destinasi
penutupan destinasi Taman . .
Wi, taman wisata candi...
PT  TWC .me.lakukan pt twc laku tutup destinasi
penutupan destinasi Taman . .
Wi, taman wisata candi...
Ter{ma kasih telah terima kasih telah libur area
meliburkan area Candi .
candi prambanan...

Pram...
Candi Borobudur dibangun | candi borobudur bangun oleh
oleh Raja dari Dinas... raja dari dinasti...

D. Labelling Data

During the data labeling process, words are
assigned scores based on a predefined list of positive
and negative words. These scores determine the
polarity of the text, thereby classifying each sentence
accordingly: sentences with polarity scores > 0 are
classified as positive, those with scores = 0 are
considered neutral, and those with scores < 0 are
labeled as negative [16].

E. Vectorization

After the words resulting from Preprocessing and
Stemming are collected, then the words will be
weighted using the TF-IDF (Term Frequency-Inverse
Document Frequency ) algorithm. The purpose of this
process is to assign a weight value to the words in the
document so that the classification process can be
carried out. The following is an example of the top
value of the TF-IDF weighting after weighting as
shown in Table IV below:

TABLE IV. Top TERM TF-IDF
Term TF-IDF
Borobudur 1.000000
Malioboro 1.000000
Maksutmu 0.968713
Enter 0.968713
Puji 0.963584

F. Sentiment Classification and Evaluation

The data collection phase involved utilizing the X
API to gather information, focusing on five specific
keywords: Malioboro Street, Kraton Yogyakarta,
Borobudur Temple, Prambanan Temple, and Tugu
Yogyakarta. This endeavor yielded a dataset
comprising 2717 entries. Following data collection, the
text preprocessing stage ensued. Here, collected text
underwent several procedures including text cleaning,
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case folding, noise removal, tokenization, filtering
(stopword removal), and stemming. Next, in the data
labeling step, sentiment analysis was conducted based
on lexicon-based methodologies. This involved
associating sentiments with their semantic values and
assessing the intensity of words within sentences.
Utilizing a predetermined lexicon consisting of
positive and negative words, the data labeling process
was automated. Subsequently, each sentence was
assigned a score based on the presence of positive and
negative words, ultimately categorizing them into
positive, negative, or neutral classes.

Moving forward, the model classification phase
employed the Multinomial Naive Bayes algorithm for
sentiment analysis [17]. The general equation 1 for
Naive Bayes classification is given by:

P(c|d) = P(c) * []_(we&d) P(wlc) (1

Here, P(c|d) represents the posterior probability of
class ¢ given document d. To handle the issue of zero
probabilities, Laplace smoothing is applied, which
adds a +1 to the numerator and |V| (the size of the
vocabulary) to the denominator:

P(w_ilc) = (count(w_i, ¢) + 1)/ (count(c) + |V])  (2)

In this formula, P(w_i|c) is the probability of the word
w_ioccurring in class c¢. count(w_i, ¢) is the number of
times the word w_i occurs in class ¢, while count(c) is
the total number of occurrences of all words in class ¢,
and |V| is the total number of unique terms (or features)
in the vocabulary.

The Naive Bayes algorithm uses these formulas to
classify sentiments in tourism-related content by
constructing a predictive model, assigning probability
scores to individual words, and categorizing them into
distinct sentiment classes: positive, negative, or
neutral. In this study, the Multinomial Naive Bayes
variant was employed with Laplace smoothing to
address zero-probability issues and enhance model
robustness when handling sparse textual features. The
classification process was preceded by a parameterized
feature extraction stage using TF—IDF weighting with
unigram representations, allowing the model to
emphasize discriminative terms relevant to tourism
discourse.

Utilizing a supervised machine learning approach,
this study categorized sentiments within tourism-
related content by constructing a predictive model.
This model assigned probability scores to individual
words, enabling the accurate classification of text into
distinct sentiment categories, thereby offering insights
into feedback and perceptions [18]. The training labels
were generated through an Indonesian sentiment
lexicon—based labeling strategy, which serves as an
improvement over manual labeling by ensuring
consistency and scalability across large datasets. The
dataset was divided into training (75%) and testing
(25%) data subsets for model training and evaluation.

Finally, evaluation of the sentiment analysis model
was conducted. This involved assessing the
performance metrics including accuracy, precision,
recall, and F1-Score through the computation of the
confusion matrix. Additionally, the evaluation results
underwent validation using the 10 K-Fold Cross
Validation technique. This validation scheme was
selected to ensure performance stability across
different data partitions and to demonstrate the
generalizability of the proposed parameterized
sentiment analysis framework. The reason for using
10-fold cross-validation is to provide a reliable
estimate of model performance by splitting the data
into 10 subsets, ensuring that each subset is used for
both training and testing. This approach helps reduce
the risk of overfitting and ensures the model's
generalizability. The choice of 10 folds is based on
standard practice in machine learning, where it offers a
good balance between computation time and
performance reliability [19].

III. RESULT AND DISCUSSION

System implementation and analysis of the results is
carried out using the Python programming language.
The implementation results in each stage are as
follows:

A. Classification Process

The Multinomial Naive Bayes algorithm was
utilized to classify sentiments in tourism-related
content. By leveraging Scikit-learn, an open-source
library, the model was trained to calculate word
probability scores, enabling efficient categorization of
documents into their respective sentiment classes [20].
Scikit-learn offers a wide range of algorithms
including KNN, SVM, Random Forest, and Naive
Bayes. Beyond classification, it  supports
preprocessing, regression, clustering, and model
selection. The training data comprises 75%, while 25%
is reserved for testing purposes. Multinomial naive
Bayes is a method that works by calculating the
frequency of each term in the document. In
Multinomial Naive Bayes, the order in which words
appear in the document is ignored so that the document
is treated as a "bag of words", so that each word is
processed using a multinomial distribution.

Classification results using the Multinomial Naive
Bayes algorithm are shown by the following Table V
confusion matrix:

TABLE V. NAIVE BAYES CONFUSION MATRIX RESULTS

Precision Recall F1-score | Support
Negative 0.94 0.58 0.71 417
Netral 0.85 0.97 091 1526
Positive 0.90 0.84 0.87 774
Accuracy - - 0.87 2717
Macro 0.90 0.79 0.83 2717
average
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Weighted 0.88 0.87 0.87 2717
average

B. Evaluation

The first evaluation, performed with matrix
confusion to measure the results of the experiment. To
find true positive (TP), true negative (TN), false
positive (FP), and false negative values (FN). Below is
a matrix confusion by comparing columns of labelling
data with lexicon-based and classification results with
Naive bayes algorithms.

From the results of Table VI above there are three
classes, namely, Negative, Neutral, and Positive. In
this case, True positive = 647, True negative = 240,
False positive = 127, False negative = 177, True neutral
= 1481 False neutral =45 and Total =2717. To find an
accuracy value, you can use the following Formula (3),
Formula (4) to find precision, Formula (5) to find recall
and last formula (6) to get f1 score :

__TPHTN 100% (3)
TP+TN+FP+FN

647+240+1481
647+240+1481+127+177+45

=87,15%

Accuracy =

* 100%

Accuracy =

TP
TP+FP

Precision = * 100% 4)

647
647+127

= 83,59%

TP
Recall =
TP+FN

Recall = —27—+100%
647+177

=78,51%

Precision = *100%

*100% (5)

2#precisionxrecall
F1 — Score = —Precsonrecty (6)

precision+recall

2x0,8359+0,7851
0,8359+0,7851

F1 — Score =

=80,97%

TABLE VL CONFUSION MATRIX NAIiVE BAYES EVALUATION

Negative Netral Positive Total
Negative | 240 146 31 417
= | Netral 4 1481 41 1526
§ Positive 12 115 647 774
Total 269 1742 719 2717

This evaluation was carried out using the 10 K-fold
cross validation method to obtain average values of
accuracy, recision, recall and F1-Score. With the 10 K-
fold cross validation method, the data is divided into 10
parts. With the 10-K-fold Cross Validation method, it is
calculated by dividing the data into K subsets, In this
case K = 10, the dataset will be divided equally into
random positions, where each subset is alternately used
as test data while the other subset is used as training
data. This process is carried out repeatedly K times or
10 times [21], so that each subset is used as test data
once.

Testing
v
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Fig. 2. 10-k-fold cross validation process [21]

So by using the 10 K-fold cross validation
evaluation method like in Error! Reference source
not found.Error! Reference source not found., it can
detect the occurrence of overfitting or underfitting.
Overfitting occurs when a model can have excellent
performance on a specific subset in several iterations,
instead Underfitting happens if a model has poor
performance in a particular subset.

RESULTS Then a random test is performed on testing data and
Prediction training data that yields the following Table VII:
TABLE VII.  EVALUATION 10 K-FOLD VALIDATION RESULTS

Fold Accuracy F1-Score Recall Precision
1 0.875000 0.835944 0.80248 0.890807
2 0.845588 0.812332 0.782112 0.875484
3 0.900735 0.87692 0.85291 0.919553
4 0.841912 0.787672 0.75646 0.873181
5 0.889706 0.85527 0.824056 0.911976
6 0.830882 0.769654 0.730701 0.86676
7 0.900735 0.853745 0.816694 0.922976
8 0.878229 0.839525 0.809758 0.902984
9 0.878229 0.825891 0.793823 0.896928
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10 0.874539

0.833785

0.79608 0.89552

Average 0.871556

0.829074

0.796508 0.895617

After testing 10 times, the accuracy, F1-score,
precision and recall values will be calculated as the
average of each iteration carried out using 10 K-Fold
Cross Validation. The following are the results of K-
fold Cross Validation, as shown in Table VIII below:

TABLE VIII.  K-FOLD CROSS VALIDATION RESULTS
Evaluation | Accuracy F1-Score Recall Precision
Method
Manual 0.871549 0,809703 | 0,785194 | 0,835917
10-fold 0.871556 0.829074 | 0.796508 | 0.895617

From Table VIII, it is obtained and then evaluated
using K-Fold Cross Validation, with a total of 10 folds.
The validation results show an average accuracy of
0.871556, which is considered to be a reliable and good
performance based on K-Fold Cross Validation
techniques, as reported by several studies. For instance,
Majbur et al. [22], found that Naive Bayes achieved an
average accuracy of 82.33% using similar methods.
Based on these findings, several suggestions are
proposed to improve the performance of the Naive
Bayes classification model. First, to improve the
accuracy, F1-score, precision, and recall produced by
the model, it is recommended to enhance the
application of this method by involving the addition of
a list of positive and negative words. This would enrich
the labeling process of the training data used, allowing
the model to become more sensitive in recognizing
positive and negative nuances within the text. Second,
regarding the size of the training data, it is advisable to
ensure a balance between the amount of data with
positive and negative labels. By utilizing a large
amount of training data that maintains a balanced label
distribution, the model would become more effective
in detecting sentences that reflect either positive or
negative sentiment. Thus, this approach would enable
an improvement in accuracy when classifying these
texts more effectively.

To better understand the implications of the model’s
performance and the proposed improvements, Figure 3
presents a visualization of sentiment classification
results for the hashtag Candi Prambanan. This
visualization offers a clear representation of the
sentiment distribution and complements the previous
evaluation results.

Dashboard

Fig. 3 Visualization of sentiment classification results

This study presents significant contributions to the
field of sentiment analysis in tourism, particularly
through its contextual and methodological
advancements. The primary novelty lies in the
development of an Indonesian-language corpus
derived from the X platform, collected systematically
using targeted tourism-related keywords such as
Borobudur, Malioboro, and Candi Prambanan. This
corpus captures authentic public discourse about
Indonesian tourist destinations, thereby addressing a
notable gap identified in previous international studies
[7], [8] that predominantly focused on Western tourism
contexts and English-language data. By localizing
sentiment analysis to the Indonesian linguistic and
cultural framework, this research enhances the
applicability of machine learning models in
understanding domestic tourism sentiment and
provides a foundation for regional digital analytics.
Furthermore, the study operationalizes a complete text-
mining pipeline spanning data cleaning, lexicon-based
sentiment labeling, TF-IDF vectorization, and
classification using the Multinomial Naive Bayes
algorithm to achieve high computational efficiency and
reproducibility. Rather than solely emphasizing model
performance, this study positions the sentiment
classification results as a means to interpret public
perceptions and communication effectiveness within
Indonesian tourism. The model’s performance,
validated through 10-fold cross-validation with an
average accuracy of 87.15%, surpasses comparable
studies utilizing SVM [14] or Doc2Vec approaches
[16], thus reinforcing the robustness of Naive Bayes
for sentiment classification in morphologically rich
languages like Indonesian.

In terms of substantive findings, the sentiment
distribution extracted from 2,717 social media posts
reveals that public perception toward Indonesian
tourist destinations is predominantly positive and
neutral, with approximately 84% of discussions
reflecting  favorable  impressions or  neutral
informational exchanges, and only about 15%
expressing dissatisfaction or critical opinions. The
positive sentiments commonly highlight cultural
heritage, hospitality, and natural beauty, indicating that
Indonesia’s core tourism assets are generally well
perceived by the public. Neutral sentiments are largely
informational, reflecting inquiries about ticket prices,
access, and operational details, which underscores the
role of social media as an important communication
channel for tourism-related information. Meanwhile,
negative sentiments are mostly associated with
infrastructure limitations, crowding, and inconsistent
pricing, directly mirroring the communication and
service management challenges identified in the
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introduction. These findings explicitly answer the
research problem stated in the title and introduction by
demonstrating how public sentiment reflects both the
strengths and persistent challenges of Indonesian
tourism. Accordingly, sentiment analysis is shown to
function not merely as a classification task, but as an
empirical diagnostic tool for identifying priority arcas
in tourism communication, service improvement, and
destination management. Moreover, the integration of
a Python-based web visualization system transforms
these findings into actionable intelligence, enabling
tourism authorities and stakeholders to monitor public
sentiment trends and adapt promotional and
managerial strategies accordingly. Thus, beyond
methodological innovation, this research provides
substantive, data-driven evidence of how sentiment
analysis can contribute to enhancing Indonesia’s
tourism  competitiveness  through a  deeper
understanding of visitor perceptions and service gaps.

IV. CONCLUSION

This research successfully developed a system for
sentiment analysis of tweets, achieving an accuracy
rate of 87.15% with the Naive Bayes algorithm. The
use of TF-IDF for text vectorization enhanced the
model's ability to identify sentiment as positive,
negative, or neutral, offering valuable insights for
decision-making in tourism. The system demonstrated
reliability through rigorous 10 K-Fold cross-
validation, yielding an F1-score of 82%, recall of 79%,
and precision of 89%. These results highlight the
system’s robustness in handling varied tweet content
and ensuring consistent sentiment classification.

The system’s ability to process diverse social
media data efficiently makes it a promising tool for
sentiment-based decision support, particularly in the
tourism industry. While the integration of Naive Bayes
is effective, future research should explore other
machine learning techniques such as Random Forest or
Deep Learning for comparison. Additionally,
expanding to multilingual sentiment analysis and
incorporating advanced features like emotion detection
could further enhance the system’s performance and
applicability. This work lays a solid foundation for
developing more comprehensive sentiment analysis
systems in various domains.
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Abstract—Nutritional status in early childhood is a key
indicator of public health and serves as a basis for
targeted nutritional interventions. Children’s nutrional
status is significantly influenced by family food adequacy
and parental nutritional literacy. Nutritional problems in
children can come from primary and secondary factors.
Primary factors include the non-fulfillment of nutrient
intake, both in quantity and quality. Meanwhile,
secondary factors occur due to disturbances in the child’s
body in carrying out its natural functions. This study
applies the K-Means Clustering algorithm to
anthropometric data—including weight, height, and
head circumference—to classify children's nutritional
status into five categories: severely undernourished (-3
SD), moderately undernourished (—2 SD), normal, mildly
overnourished (+1 SD), and moderately overnourished
(+2 SD). The clustering process is based on Z-scores
derived from WHO standards, namely Weight-for-Age
(WAZ), Height-for-Age (HAZ), and Head
Circumference-for-Age (HCAZ), which serve as input
features for the clustering algorithm. The number of
clusters (k = 5) is aligned with national nutritional
classification guidelines. The clustering results are
visualized to illustrate the data distribution across the
three indicators, and evaluated using Euclidean distance
to assess the proximity of each data point to its assigned
cluster centroid. The results demonstrate that K-Means
Clustering can effectively classify children's nutritional
status in a manner consistent with manual classification
based on WHO thresholds. This study highlights the
potential of data mining approaches in supporting health
information systems for the early and automated
detection of child malnutrition.

Index Terms—Nutritional Status; Anthropometry; Z-
Score; K-Means Clustering

I INTRODUCTION

Nutritional status during early childhood forms the
foundation for a child's physical growth and cognitive
development. During this critical growth window (ages
0-5), any deviation—whether undernutrition or
overnutrition—can have long-term consequences on a

child's overall quality of life. To monitor child
development objectively and in a standardized manner,
the World Health Organization (WHO) recommends
the use of three Z-score indicators: Weight-for-Age
(WAZ), Height-for-Age (HAZ), and Head
Circumference-for-Age (HCAZ) [1]. These indicators
assess a child's weight, height, and head circumference
relative to a healthy reference population and have
become a global standard for nutritional surveillance

[2].

In practice, however, nutritional classification in
many healthcare facilities—especially in remote or
resource-limited areas—is still performed manually.
This approach is time-consuming, prone to human
error, and difficult to scale efficiently within a data-
driven health system. As a result, nutritional
interventions are often delayed or misaligned due to the
lack of rapid and reliable analysis tools [3].

With the rise of digital health technologies, data-
driven methods such as machine learning have
increasingly been applied in public health. One
promising approach is K-Means Clustering, an
unsupervised learning algorithm that can group data
based on patterns or similarities in specific features [4].
Several studies have applied this method to classify
children’s nutritional status, used K-Means to cluster
children based on weight and age, but without
incorporating WHO Z-score standards [5]. Clustering
to raw anthropometric values but failed to align the
results with clinical thresholds [6]. In previous studies,
Z-score indicator has been used, although only one or
two variables were included [7].

Clustering in the context of stunting but excluded
HCAZ, which is essential for assessing neurological
development. Furthermore, most existing studies lack
alignment with WHO nutritional cutoffs, limiting their
applicability in clinical settings [8].
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This highlights a clear research gap: no prior study
has integrated all three Z-score indicators—WAZ,
HAZ, and HCAZ—into a unified clustering model to
classify children’s nutritional status. The present study
seeks to fill this gap by applying the K-Means
Clustering algorithm to all three indicators
simultancously. Children are grouped into five
categories: severely undernourished (=3 SD),
moderately undernourished (=2 SD), normal, mildly
overnourished (+1 SD), and moderately overnourished
(+2 SD), consistent with WHO standards.

The objectives of this study are to (1) develop a
data-driven nutritional classification model using K-
Means Clustering with WHO-based Z-scores, and (2)
evaluate its performance in comparison to conventional
classification approaches. The outcomes are expected
to assist healthcare providers in the early detection of
growth deviations based on anthropometric data and
support timely, targeted interventions.

II.  LITERATUR REVIEW

Nutritional status during early childhood forms the
foundation for a child’s physical growth, cognitive
development, and long-term quality of life. In this
critical growth window (ages 0-5), both undernutrition
and overnutrition can lead to persistent deficits in
health, learning capacity, and productivity later in life.
To monitor child development objectively and in a
standardized manner, the World Health Organization
(WHO) recommends the use of three Z-score
indicators—Weight-for-Age (WAZ), Height-for-Age
(HAZ), and Head Circumference-for-Age (HCAZ)—
which compare a child’s weight, height, and head
circumference against a healthy reference population
[9]. These indicators have become the global standard
for nutritional surveillance and early detection of
growth deviations.

In many healthcare facilities, particularly in remote
or resource-limited settings, nutritional classification is
still performed manually. Health workers often rely on
manual plotting or basic spreadsheets to interpret WHO
growth charts, which is time-consuming, prone to
human error, and difficult to scale in a data-driven
health system [10]. As the volume of routine
anthropometric data increases, this manual process can
delay the identification of children at risk and contribute
to interventions that are either late or poorly targeted

[11].

With the rise of digital health technologies, data-
driven methods such as machine learning have
increasingly been applied in public health to address
these challenges. One promising approach is K-Means
clustering, an unsupervised learning algorithm that
groups data based on similarities in selected features
[12]. Several studies have used K-Means to classify
children’s nutritional status or to explore patterns of
malnutrition, generally using weight, height, or age as

input variables [13]. Some studies have clustered
children based on raw anthropometric values or on one
or two Z-score indicators, yet their cluster definitions
are not always aligned with WHO cut-off points, which
limits their direct applicability in clinical decision-
making[14]. Other works have demonstrated that
simple anthropometric features can also be used in
supervised models, such as K-Nearest Neighbours, to
support early detection of stunting and abnormal
nutritional status [15] .

Despite these advances, important gaps remain.
Most existing clustering studies do not integrate all
three WHO Z-score indicators—WAZ, HAZ, and
HCAZ—into a single model, even though head
circumference is closely related to brain growth and is
a sensitive marker of early neurodevelopmental risk
[16]. In many cases, HCAZ is either ignored or
analysed separately, and the resulting clusters do not
map directly to the five WHO nutritional categories.
This misalignment makes the outputs harder to interpret
in routine practice and reduces their usefulness for
front-line health workers [17].

These limitations highlight a clear research gap:
there is a need for an integrated clustering model that
simultaneously uses WAZ, HAZ, and HCAZ and
produces clusters that are consistent with WHO
nutritional cutoffs. To address this gap, the present
study applies the K-Means clustering algorithm to all
three Z-score indicators at once. Children are grouped
into five categories—severely undernourished (< —3
SD), moderately undernourished (< —2 SD), normal,
mildly overnourished (> +1 SD), and moderately
overnourished (> +2 SD)—in accordance with WHO
standards. The objectives of this study are to (1)
develop a data-driven nutritional classification model
using K-Means clustering with WHO-based Z-scores
and (2) evaluate its performance in comparison with
conventional classification approaches. The expected
outcome is a more systematic and scalable way to detect
growth deviations based on anthropometric data,
thereby supporting healthcare providers in delivering
timely and targeted interventions.

Assessing the nutritional status of children through
anthropometric data is a foundational practice in global
child health monitoring. The World Health
Organization (WHO) recommends the wuse of
standardized growth indicators such as Weight-for-Age
Z-score (WAZ), Height-for-Age Z-score (HAZ), and
Head Circumference-for-Age Z-score (HCAZ). These
indicators quantify the deviation of a child’s
anthropometric measurements from the median values
of a healthy reference population, adjusted for age and
sex, and provide a common framework for comparing
nutritional status across populations and over time.

Each indicator captures a specific dimension of
growth. WAZ reflects a child’s general weight status
and is used to detect underweight conditions [18]. HAZ

I Ultima Infosys: Jurnal Ilmu Sistem Informasi, Vol. 17, No. 1 | June 2026



identifies  stunting, = which indicates  chronic
malnutrition or long-term growth restriction and has
been associated with adverse health and educational
outcomes [19]. HCAZ reflects head growth and serves
as an early indicator of neurological development and
brain growth, especially in the first two years of life,
when rapid brain development occurs [20]. Evidence

shows that low head circumference-for-age is
associated with increased risk of suboptimal
neurodevelopment, making HCAZ an important

complementary indicator alongside WAZ and HAZ. In
this study, these Z-scores are categorized into five
clinical groups: severely undernourished (Z < -3 SD),
moderately undernourished (=3 SD < Z < -2 SD),
normal (—2 SD <Z <+1 SD), mildly overnourished (+1
SD < Z < +2 SD), and moderately overnourished (Z >
+2 SD), consistent with WHO recommendations[21].

In recent years, machine learning—particularly
clustering techniques—has been adopted to enhance the
efficiency and objectivity of nutritional classification.
Clustering is an unsupervised learning approach that
groups data based on similarity across multiple features
without requiring labeled training data. Among various
clustering methods, K-Means clustering is one of the
most widely used due to its conceptual simplicity and
computational efficiency. It partitions data into k
clusters by iteratively assigning observations to the
nearest centroid and updating centroids to minimize
within-cluster variance. This makes K-Means suitable
for exploring patterns in large anthropometric datasets
and for segmenting children into risk-based groups.

Several studies have demonstrated the applicability
of K-Means clustering in child nutrition classification.
Improved upon these early efforts by using Z-score
indicators in their models; however, they typically
restricted the analysis to one or two dimensions (for
example, only WAZ or HAZ), which reduces the ability
of the model to capture the multidimensional nature of
child growth [22].

More recent work has expanded the use of K-Means
to different datasets and levels of aggregation. Several
studies have used K-Means to cluster toddlers based on
combinations of anthropometric indicators and related
variables for the purpose of identifying malnutrition or
stunting risk at the individual level. Other studies have
applied K-Means to classify districts or cities based on
stunting prevalence or malnutrition indicators,
providing a basis for spatial targeting and program
prioritization [23]. In parallel, supervised learning
methods such as K-Nearest Neighbours (KNN) have
been developed to classify toddlers’ nutritional status
and support early detection of stunting using simple
anthropometric inputs. Together, these studies show
that routine growth data can be transformed into
decision-support tools that assist health workers in
identifying children and areas at higher risk.

However, several important limitations are evident
across the existing literature. First, many clustering

studies operate on raw anthropometric values or on a
limited subset of indicators (e.g., only WAZ or HAZ)
and do not integrate all three WHO growth indicators—
WAZ, HAZ, and HCAZ—within a single model.
Second, head circumference is frequently omitted, even
though HCAZ is a sensitive marker of early brain
development and can provide additional insight into
neurodevelopmental risk. Third, not all studies
explicitly align the resulting clusters with WHO
nutritional cut-offs, which weakens their clinical
relevance and makes it difficult for practitioners to
directly use the outputs in routine child health services.
These limitations reduce the extent to which existing
models can be integrated into digital health applications
or standard growth monitoring workflows.

To date, and to the best of our knowledge, there is
no documented study that simultaneously incorporates
WAZ, HAZ, and HCAZ into a unified K-Means
clustering model for individual-level nutritional
classification. This gap presents an opportunity to
develop a more holistic, data-driven framework that
captures both  physical growth and early
neurodevelopmental indicators while remaining
aligned with WHO clinical categories.

The present study seeks to address this gap by
applying the K-Means clustering algorithm to all three
Z-scores—WAZ, HAZ, and HCAZ—simultaneously.
The aim is to classify children’s nutritional status into
clinically relevant groups that are consistent with WHO
cut-offs and to enable early detection of deviations from
normal growth. This approach is expected to provide a
more comprehensive and interpretable classification
than models based on a single indicator, while also
offering a scalable analytic component for digital health
applications in early childhood nutrition monitoring.

III. METHODOLOGY

This study implements the K-Means Clustering
algorithm to classify children’s nutritional status using
three anthropometric indicators standardized by the
World Health Organization (WHO): Weight-for-Age
Z-score (WAZ), Height-for-Age Z-score (HAZ), and
Head Circumference-for-Age Z-score (HCAZ). The
methodological process consists of four main stages:
(1) data preparation, (2) Z-score calculation, (3)
clustering using K-Means, and (4) system
implementation and visualization.

A. Data Preparition

The dataset consists of 77 records of children aged
0 to 60 months, collected from a local pediatric clinic.
Each record includes the child’s sex, age (in months),
weight (kg), height (cm), and head circumference (cm).
The sex and age of each child are used to select the
appropriate WHO reference data during Z-score
computation.
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B. Z-Score Calculation

Three nutritional indices are calculated based on
WHO child growth standards:

o WAZ (Weight-for-Age Z-score): Indicates
overall underweight status.

e HAZ (Height-for-Age Z-score): Identifies
stunting or linear growth delay.

e HCAZ (Head Circumference-for-Age Z-
score): Serves as a proxy for brain
development.

The Z-score for each indicator is calculated using
the following general formula:

ey
Where:

e XXX is the child’s measured value (e.g.,
weight, height, head circumference),

e p\muyp is the median value for the same age and
sex from WHO growth standards,

e o\sigmac is the standard deviation for that
measurement.

e Separate computations are performed for male
and female children based on WHO growth
charts.

C. K-Means Clustering

The calculated WAZ, HAZ, and HCAZ scores are
used as input features for the K-Means Clustering
algorithm. The algorithm performs the following steps:

1. Initialize centroids: Five initial centroids are
chosen, representing the five nutritional categories:

e Cluster 1: Severely undernourished (Z < —3
SD)

e  Cluster 2: Moderately undernourished (-3 SD
<Z<-2SD)

e Cluster 3: Normal (-2 SD<Z <+1 SD)

e  Cluster 4: Mildly overnourished (+1 SD <Z <
+2 SD)

e  Cluster 5: Moderately overnourished (Z > +2
SD)

2. Distance calculation: Each data point is assigned
to the nearest centroid using the Euclidean distance:

d(x,y) = 2 —y)* ()

Where xxx is the Z-score vector of a child and
yyy is the centroid vector.
3. Centroid update: New centroids are calculated by
averaging the members of each cluster:

. 1 nj .
W= XX ®3)

Where njn_jnj is the number of data points in
cluster jjj.
4. Tteration: Steps 2 and 3 are repeated until
convergence is reached, i.e., no significant changes
in centroid positions.

D. System Implementation and Visualization

To support practical deployment, a prototype
system with a simple graphical user interface (GUI) was
developed. The system provides the following
functionalities:

e Input form for anthropometric data

e Automatic computation of WAZ, HAZ, and
HCAZ using WHO reference values

e Clustering of new data points based on trained
K-Means model

e Display of results including assigned cluster
and nutritional category

e Visualization using scatter plots for WAZ,
HAZ, and HCAZ distributions across clusters

e Summary statistics for each cluster (count,
percentage)

This system can assist healthcare workers in
performing rapid assessments and identifying children
at risk for growth deviations or abnormal development.

IV. RESULTS AND DISCUSSION

This section presents the results of the Z-score
computations, K-Means clustering process, system
implementation, and visualization of classification
outcomes. The discussion highlights the effectiveness
of the proposed approach in identifying growth
deviations and its alignment with WHO-based
nutritional categories.

A. Z-Score Computation Results

The first step involved calculating WAZ, HAZ, and
HCAZ for each of the 77 children in the dataset using
WHO reference data. Separate computations were
performed for male and female children to account for
sex-specific growth standards.

Table I shows a sample of the computed Z-scores
for five children:

TABLE1 Sample Z-Score Calculation (WAZ, HAZ, HCAZ)

ID Gender Age WAZ HAZ HCAZ
Ml Female 44 -1,21 -1,05 0,29
M2 Female 24 -0,38 0,09 -0,14
M3 Male 38 0,26 -0,37 -0,79
M4 Female 60 -1,58 -2 -0,64

Ultima Infosys: Jurnal Ilmu Sistem Informasi, Vol. 17, No. 1 | June 2026



MS Male 40 -1,53 -2,72 -0,5
M6 Male 39 -0,41 -0,79 0,5
ID Gender Age WAZ HAZ HCAZ

M7 Female 31 -0,6 -1,26 -0,71
M8 Male 53 -1,57 =32 -1,43
M9 Male 24 -0,93 0,13 -0,36
M10 Male 59 -1,04 -1,17 0,33
M77 Female 27 0,19 0,5 -0,43

The complete Z-score data served as the input for
clustering.

B. K-Means Clustering Results

The K-Means algorithm was applied with k =5 to
reflect the five clinical nutrition categories defined by
WHO. Initial centroids were selected based on
representative values from the Z-score ranges for each

group.

The algorithm converged after three iterations,
producing five clusters that correspond to the intended
nutritional classifications. Table Il summarizes the final
centroid values for each cluster:

TABLE 11 FINAL CLUSTER CENTROIDS (WAZ, HAZ,
HCAZ)

Kode Category WAZ HAZ HCAZ
Saverely

¢l Undemourished |~ 7,105 B
Moderately

C2 Undemnourished -1,47189 | -2,08242 | -0,87014

C3 Normal -0,29039 | -0,39824 | -0,01824
Mildly

Cc4 Ovemnourished 2,59 0,98 -0,43
Moderately

C5 Overnourished 2,605 3,07 1,605

The cluster distribution is summarized in Table III.

TABLEIII  CLUSTER DISTRIBUTION AND PERCENTAGE
Cluster Category Children Percentage

Cl Saverely 2 2,60%
Undernourished

C2 Moderately 22 28,57%
Undernourished

C3 Normal 49 63,64%

C4 Mildly 2 2,60%
Overnourished

C5 Moderately 2 2,60%
Overnourished

The results show that the majority of children
(63.64%) fall within the normal category, while a
significant  portion (28.57%) are moderately

undernourished, highlighting the importance of early
identification and intervention.

C. Visualization of Cluster Results

To enhance interpretability, a 3D scatter plot was
generated using WAZ, HAZ, and HCAZ as axes. Each
cluster is represented with a distinct color (e.g., red for
severely undernourished, blue for normal).

Visualisasi Hasil Clustering Berdasarkan WAZ, HAZ, dan HCAZ
L]

Xeooeo

Fig. 1. Scatter Plot of Cluster Based on Z-Scores

The plot demonstrates clear group separation, with
distinct boundaries between malnourished and normal
children. Outliers were successfully captured in
extreme clusters (Cl and CS5), validating the
effectiveness of the distance-based grouping.

D. System Implementation and Use Case

To bridge the gap between algorithmic output and
real-world application, a simple yet functional interface
was developed as part of this study. Health workers can
enter basic anthropometric information—such as age,
sex, weight, height, and head circumference—into the
system. The system then automatically calculates the Z-
scores (WAZ, HAZ, and HCAZ), performs clustering,
and returns the child’s nutritional classification based
on the nearest cluster.

) Hasil Clustering

Jarak ke Setiap Cluster:

Data masuk ke €3: Gizi Normal

Fig. 2 GUI Interface and Nutritional Classification Results
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The system was designed with usability in mind,
especially for field settings or primary healthcare
clinics where time and resources are limited. By
providing quick, standardized feedback based on WHO
guidelines, it helps frontline health staff make faster,
data-informed decisions—without the need for
advanced technical knowledge.

E. Discussion

The results of this study reinforce the potential of
machine learning—particularly K-Means Clustering—
as a practical tool for early childhood growth
monitoring. By using three key anthropometric
indicators (WAZ, HAZ, and HCAZ) in combination,
this model offers a more holistic view of a child’s health
status compared to single-indicator methods.

1. Comparison with Previous Studies

Earlier work by Kumar et al. [4] focused on
clustering children based on weight and age but did not
use Z-scores or reference growth standards, which
limited the clinical interpretability of their results. In
contrast, our model is rooted in WHO-standardized
indicators, making the clusters directly relevant to real-
world  classifications of  undernutrition and
overnutrition.

Huang et al. [5] and Ranjawali et al. [5] also
explored clustering based on raw anthropometric data,
but again, without mapping their output to WHO-
defined thresholds. Dewi et al. f and Muhammad et al.
improved on this by introducing WAZ and HAZ
scores—but stopped short of incorporating HCAZ, an
important signal for early brain development. By
including all three indicators, our approach captures a
more complete picture of a child's nutritional and
developmental status.

Another key differentiator of this study is its
emphasis on practical usability. While most prior
studies ended at the algorithmic or analytical stage, this
work goes a step further by developing a working
system that can be used by practitioners. The interface
is intuitive and requires minimal training, making it
accessible even in lower-resource environments.

2. Key Contributions

In summary, this study contributes to the field in
three important ways:

e [t integrates all three WHO-recommended Z-
score indicators into the clustering process,
offering a richer and more reliable
classification.

e It aligns cluster groupings with clinically
accepted nutritional categories, making the
results immediately useful in healthcare
settings.

It provides a ready-to-use digital tool for real-time
classification, empowering health workers with faster,
data-based insights.

3. Limitations and Future Directions

Despite these strengths, the study does have
limitations. The dataset is relatively small (77 records),
which may affect the generalizability of the model. In
future work, the model should be trained and tested on
larger, more diverse datasets across multiple regions to
increase robustness.

Other clustering methods—such as DBSCAN or
Gaussian Mixture Models—could also be explored for
comparison, especially in handling outliers or non-
spherical data. Additionally, integrating this model into
national electronic health record systems could extend
its impact by enabling large-scale, automated
nutritional screening.

V. CONCLUSION

This study examined the application of the K-Means
Clustering algorithm to classify children's nutritional
status using three WHO-standard anthropometric
indicators: Weight-for-Age Z-score (WAZ), Height-
for-Age Z-score (HAZ), and Head Circumference-for-
Age Z-score (HCAZ). By integrating all three
indicators into one model, the study offers a more
comprehensive and clinically meaningful approach to
identifying nutritional deviations during early
childhood. The clustering process successfully grouped
children into five categories consistent with WHO
growth standards. Most children were classified as
having normal nutritional status, while a significant
proportion were found to be moderately
undernourished. This confirms that using multiple Z-
score indicators provides a clearer and more accurate
picture of a child's growth pattern.

A key contribution of this work lies in the
development of a functional system that enables health
workers to input basic anthropometric data and
instantly receive a nutritional classification. This tool
supports early detection and timely intervention,
especially in low-resource settings where manual
classification may be impractical or inconsistent.
Compared to previous studies that relied on limited
indicators or remained at the modeling stage, this study
not only improves classification accuracy but also
bridges the gap between data analysis and practical
application. The inclusion of HCAZ as a developmental
metric adds further value, especially for assessing brain
growth in younger children.

An important strength of the clustering approach
used in this research is its ability to quantify how far
each group deviates from the standard growth curve.
The model revealed that 36.36% of children fell outside
the WHO-defined normal nutritional range—either as
undernourished or overnourished—while 63.64% were
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classified within normal limits. Among those outside
the normal range, the majority belonged to the
moderately undernourished group, indicating early
signs of growth faltering. This method not only
categorizes but also provides measurable insight into
the severity and distribution of growth deviations. It
enables a more targeted and data-informed nutritional
intervention strategy, especially in contexts where time,
accuracy, and simplicity are critical.

Although the dataset used in this study was

relatively small, the findings are promising. Future
work should involve larger and more diverse datasets,
as well as comparisons with other clustering algorithms
to evaluate robustness and scalability. Integrating this
model into national health systems or mobile health
platforms could further amplify its practical impact,
making machine learning a valuable tool in improving
child health outcomes.
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Abstract— This study evaluates the e-service quality
of the MyTelkomsel application in response to ongoing
user Ccerns, particularly slow service response and the
limited effectiveness of the automated support system. A
structured questionnaire based on the five SERVQUAL
dimensions was used and demonstrated strong validity
and reliability. Data were collected from one hundred
users in Java and Sumatera. The analysis combined three
methods: the Customer Satisfaction Index, Importance
Performance Analysis, and Potential Gain in Customer
Value. The findings show that the application achieved a
Customer Satisfaction Index score of 67.75 percent,
indicating that users are generally satisfied but expect
further improvement. The Importance Performance
Analysis recorded a suitability level of 74.54 percent, with
several attributes placed in the high-importance low-
performance quadrant, including login security, chatbot
speed, complaint handling, and personal data protection.
The Potential Gain in Customer Value results indicate
that chatbot-related attributes and transaction reliability
provide the highest potential for increasing customer
value. Overall, the study highlights specific service
attributes that require priority enhancement to
strengthen user satisfaction and service quality.
Furthermore, the identified service gaps suggest that
chatbot-related issues are not solely operational but are
also associated with inherent limitations of conventional
rule-based or intent-based chatbot systems, which often
lack contextual understanding, adaptability, and
effective problem-solving capabilities. This indicates the
need for more advanced, human-centered Al approaches
to improve service performance and user experience.

Index Terms— e-service quality; customer
satisfaction; importance performance analysis; potential
gain in customer value; servqual

I INTRODUCTION

The current landscape, characterized by rapid digital
transformation, underscores the critical role of the
telecommunications sector in driving national
digitalization initiatives, such as the Indonesia Digital
Network  program  [1]. This technological

advancement, coupled with infrastructural progress
like the initiation of 5G network implementation [2],
has generated novel means of communication and
daily operation [3]. As the dominant mobile
telecommunications provider in Indonesia, serving an
extensive customer base exceeding 170 million [4], PT
Telekomunikasi Selular (Telkomsel) introduced and
subsequently developed the MyTelkomsel application.
This application was originally launched to streamline
customer-company interactions and has since evolved
into an integrated "superapp" consolidating diverse
service streams [5].

Despite its strategic evolution, the MyTelkomsel
application is consistently subjected to significant
customer discontent pertaining to its e-service quality.
The fundamental challenge revolves around the
operational efficiency of customer support and issue
resolution. Frequent complaints detail protracted
response times and a documented inadequacy of the
automated chatbot, Veronika, whose standardized
replies often fail to provide substantive solutions. This
frequently compels customers to seek assistance via
less convenient physical channels [6]. While chatbots
are widely implemented as cost-efficient customer
service solutions, traditional rule-based or intent-based
chatbots often lack contextual understanding,
reasoning capability, and adaptive interaction. As a
result, user dissatisfaction may originate not merely
from service execution, but from structural
technological constraints embedded in conventional
chatbot architectures. Research on e-service quality
has widely emphasized its importance in shaping user
satisfaction and loyalty, especially within digital
platforms and mobile applications. Demonstrated this
relationship in the context of internet banking, showing
that higher e-service quality significantly increases
customer satisfaction, which subsequently strengthens
loyalty. Their findings highlight the critical role of
service dimensions such as responsiveness, reliability,
and system functionality in determining user
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perceptions within digital environments [7]. Similar
conclusions are found in studies evaluating various
digital applications, reinforcing the relevance of
assessing e-service quality for platforms like
MyTelkomsel.

In the area of customer satisfaction measurement,
several studies have employed the Customer
Satisfaction Index (CSI) to quantify overall user
satisfaction levels. Previous research used CSI to
evaluate logistics service quality and found that
customers were generally satisfied, although several
key service attributes still required improvement [8].
Another study applied CSI to assess service strategies
on digital platforms and reported positive satisfaction
levels, yet noted that certain underperforming
components continued to influence the overall user
experience. Collectively, these findings highlight the
value of CSI as a standardized and reliable quantitative
measure for assessing customer satisfaction [9].

Beyond CSI, many researchers have applied
Importance—Performance Analysis (IPA) to identify
service attributes that require managerial attention.
Studying food delivery applications, found that several
features considered highly important by users were
performing below expectations, placing them in
Quadrant I as main priorities for improvement [10].
Similarly, Previous research used IPA to analyze the
quality of OVO electronic payment services in
Tokopedia and identified specific attributes that
needed immediate enhancement. These results show
that IPA is effective for mapping performance gaps in
digital services [11].

To complement IPA and quantify the potential value
of service improvements, prior studies have also
utilized the Potential Gain in Customer Value (PGCV)
method. Previous research applied PGCV alongside
other satisfaction measurement tools, identifying key
attributes with the highest potential value gain in
higher education services [12]. Another study,
demonstrated that the integration of IPA and PGCV
could effectively determine customer value priorities
in public service institutions[13]. Similarly, previous
research confirmed the effectiveness of the PGCV
method by identifying underperforming attributes in
OVO’s service that offered the greatest potential for
improvement when optimized [11].

Overall, previous research consistently shows that e-
service quality strongly influences user satisfaction
and that the combined use of CSI, IPA, and PGCV
provides a powerful analytical framework for
evaluating performance gaps and prioritizing strategic
improvements. However, only a limited number of
studies have applied this full combination of methods
within the telecommunications sector, especially for
evaluating a large-scale mobile application such as
MyTelkomsel. Furthermore, prior studies have

predominantly focused on methodological approaches,
with limited attention to the technological limitations
of underlying systems, particularly conventional
chatbot architectures. There is still a lack of research
that examines e-service quality from an Al-oriented
and human-centered perspective, especially in
understanding how the constraints of rule-based or
intent-based chatbots affect user satisfaction.
Therefore, this gap provides a strong rationale for the
present study.

The distinct contribution of this research lies in the
integrated use of the CSI, IPA, and PGCV models,
which together provide a more comprehensive and
value-oriented diagnostic assessment compared to
studies that rely on a single analytical method. This
combined approach produces more actionable insights
for improving service performance. The sampling
frame is intentionally focused on users in Java and
Sumatera, which together account for more than 70%
of Indonesia’s population [14] and record some of the
country’s highest levels of digital adoption, with
internet penetration rates of 83.64% in Java and
77.34% in Sumatera [15]. This regional focus enhances
the representativeness and relevance of the findings
and enables Telkomsel to formulate more targeted and
effective strategies for improving the e-service quality
of the MyTelkomsel application.

II.  METHODOLOGY
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Fig. 1. Methodological Flowchart

Figure 1. illustrates the methodological flowchart
employed in this study. Figure 1. presents the research
workflow applied to assess the service quality of the
MyTelkomsel application wusing the Customer
Satisfaction Index (CSI), Importance Performance
Analysis (IPA), and Potential Gain in Customer Value
(PGCV) methods. The following subsections explain
each stage in detail.
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A. Planning

1. Literature Review

The study begins with a review of key theories
and prior research on service quality, customer
satisfaction, and analytical methods such as CSI,
IPA, and PGCV, forming the conceptual and
theoretical foundation for the analysis.

2. Problem Identification

After the literature review, the researcher
identifies key issues related to user perceptions and
satisfaction with MyTelkomsel’s service quality,
which then form the basis of the research problem.
3. Determining Research Objectives and Benefits

The research objectives are formulated to
evaluate the service quality of the MyTelkomsel
application based on user assessments, while both
practical and academic contributions are outlined to
emphasize the study’s significance.

4. Determining Population and Sample Size

The research population consists of all users of
the MyTelkomsel application. A population is a
generalization area containing subjects or objects
with specific characteristics determined by the
researcher, while a sample represents a portion of
that population with similar characteristics,
symbolized by n. Several sampling techniques may
be applied to determine an appropriate sample size
[16]. In this study, the Slovin formula was used
because it is commonly applied in quantitative
research and does not require complex statistical
tables. Based on data from the Central Bureau of
Statistics , the population of Sumatera is 62,259,500
and Java is 158,079,100, resulting in a combined
population of 220,368,600 [14].

Using the Slovin formula with a 10 percent error
tolerance, the calculation is as follows. The use of a
10% error margin is considered acceptable given the
exploratory and diagnostic nature of this study,
which aims to identify general patterns and service
gaps rather than achieve high-precision estimation.

" T4 Ne2 @

Description:

n : sample size

N : population size

e : error tolerance limit (10% or 0,1)
220.368.600

"= 1+ 220.368.600 (0,1)2

220.368.600 9998
-~ 2203687

Thus, the minimum required sample is 100
respondents. This number is deemed sufficient to
represent the population while anticipating
incomplete or invalid data. Respondents were
selected using purposive sampling with the
inclusion criterion of being active MyTelkomsel

users for at least one month.

Sampling refers to the process of selecting a
subset of elements from a population [17]. This
study applies Proportionate Stratified Random
Sampling, which divides the population into
proportional strata and selects samples randomly
within each stratum. The unit of analysis consists of
active MyTelkomsel users who meet the established
inclusion criteria for the CSI, IPA, and PGCV
assessments.

The formula for determining the number of

samples in each stratum is as follows [18]:
Ni

ni=-r Xn 2
ni  :sample in each stratum

n : total sample (100)

Ni  :population of each stratum

N : total population (220,368,600)

The proportional distribution of samples across
Java and Sumatera is shown below:

e Javalsland

1. DKI Jakarta:

._ 10678000
™= 220.368.600
ni=484 =5
2. West Java:
_ 50759000
™= 220.368.600
ni = 23,03 ~ 23
3. Central Java:
38233900
™= 220.368.600
ni=1734 ~ 17
4. DI Yogyakarta:
_ 3781500
™M= 520.368.600
ni=171 =2
5. East Java:
_ 42089300
™= 220368600
ni = 19,09 ~ 19
6. Banten:
_ 12537400
™M= 220.368.600
ni =568 =6
e  Sumatera Island
1. Aceh:
_ 5626000
™= 220.368.600
ni =255 ~ 2

2.  North Sumatera:
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questionnaire is constructed based on the five
SERVQUAL dimensions Tangibles, Reliability,
Responsiveness, Assurance, and Empathy and
measures two aspects: importance and performance

_ 15785800
™ = 220.368.600
ni=1716 =7
3.  West Sumatera:
5.914.300 00
M = 520.368.600
ni=268 =3
4. Riau:
_ 6811200
= 220.368.600
ni =309 ~ 3
5. Jambi:
_ 3768500
™ = 220.368.600
ni=171 =2
6. South Sumatera:
_ 8928500
™ = 220.368.600
ni =4,05 = 4
7. Bengkulu:
_ 2138000
™= 520.368.600
ni =097 =1
8. Lampung:
_ 9522900
™ = 220.368.600
ni =432 =4
9. Bangka Belitung Islands:
_ 1550800
' 220.368.600
ni =070 ~ 1
10. Riau Islands:
_ 12537400
™M= 520.368.600
ni=100 ~ 1

This proportional allocation ensures that the
sample reflects the distribution of the population
across both islands.

Design

1. Questionnaire  Development Based on
SERVQUAL Dimensions

According to Lovelock and Wirtz, service
quality is a long-term cognitive evaluation by
consumers regarding the performance of the
services provided by a company [19]. E-service
quality refers to the quality of services delivered
through internet-based  platforms, enabling
interactions between sellers and buyers so that
transactions and shopping activities can be carried
out more effectively and efficiently [20]. The

[21].

TABLE I. RESEARCH QUESTIONNAIRE INDICATORS

Dimension Code Variable
The application’s user interface (UI) is visually
Al appealing and easy to understand.
Navigation within the application is easy to use
Az and not confusing.
Service information and features in the
Tangibles A3 application are displayed clearly and
informatively.
The application rarely experiences bugs or
A4 errors during use.
The visual quality of the application meets
A3 current digital application standards.
The application can be accessed at any time
i without significant disruptions.
The features in the application function as
B2 promised.
Reliability B3 Billing and payment history is displayed
accurately and completely.
Notifications from the application are delivered
i in a timely and relevant manner.
The login system and application security
B operate properly without errors.
The application provides a responsive and
“ casily accessible issue-reporting feature.
Responses to complaints submitted through the
C2 application are quick and solution-oriented.
The application is updated regularly to improve
Responsiveness C3
functionality.
The application displays real-time status
o updates on complaint resolution.
Detailed instructions for using the application's
s features are provided.
Users’ personal data is securely stored within
Pl the application.
Transactions within the application (such as
b2 payments) are safe and trustworthy.
Privacy policies and terms of use are easy to
Assurance 3 access.
Users feel comfortable using the application
b4 without concerns about data leaks.
The  application  provides  transparent
D5 information regarding user rights and
obligations.
The application offers active and responsive
H customer support or assistance features.
The application provides offers or promotions
k2 relevant to users’ needs.
Empathy
The application adjusts language and content
b based on users’ location or profile.
User feedback is followed up by the service
b provider.
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User experience is prioritized in the
ES

development of new features.

2. Content Validity Assessment

Content validity refers to the extent to which each
element of an assessment instrument is relevant and
adequately represents the intended construct [22]. A
highly valid instrument is essential to ensure
scientifically reliable research results [23].
According to Suryadi, several methods are
commonly used to evaluate content validity,
including I-CVI, S-CVI/Ave, S-CVI/UA, CVR, and
CVI [24]. Before distribution, the questionnaire
undergoes a content validity test (expert judgment)
to ensure clarity, relevance, and representativeness
of each item. Validation is carried out by the
academic supervisor and subject-matter experts in
digital service quality and e-commerce.

1) I1-CVI (Item-Content Validity Index)
I vl = Number of Approved Items 3
" Number of Reviewers ®

2) S-CVI/Ave (Scale-Content Validity
Index/Average)
cvl XI—-CVI |
Ave  Number of Questions ®
3) S-CVI/UA (Scale-Content Validity
Index/Universal Agreement)
S—CVIJUA = Z Skor i@ (5)

Jumlah Item Pertanyaan

4) CVR (Content Validity Ratio)
n
CVR = —2 (6)

2
5) CVI (Content Validity Index)
CVI = LCVR

Number of Questions

(7

3. Data Collection

Validated questionnaires are distributed to
qualified respondents to gather data on user
perceptions and experiences when using the
MyTelkomsel application.

C. Analysis

1. Validity and Reliability Testing
All collected data undergo validity and reliability
tests to ensure the measurement instrument is
accurate and consistent. Items that do not meet the
criteria are revised accordingly.
2. Data Processing Based on Respondent
Demographics
Valid and reliable responses are processed by
classifying demographic characteristics such as
province and duration of MyTelkomsel usage. This
supports a more contextual interpretation of the
findings.
3. Analytical Procedures
Three analytical methods are used:
e  Customer Satisfaction Index (CSI)
Customer Satisfaction Index (CSI) is a
qualitative measure expressed as the

percentage of customers who report
satisfaction in a customer satisfaction survey
[25]. CSI is used to evaluate satisfaction by
considering both the importance and
performance of service attributes. According
to Aritonang, the steps for calculating CSI
include [26]:

e Mean Importance Score (MIS)
Average importance rating given by
respondents:

MIS = Z=t (8)

e Weight Factor (WF)
The proportion of each MIS relative to
the total MIS:

MIS;
W = M
Yimq MIS;

)

e Weight Score (WS)
Calculated by multiplying WF by the
Mean Satisfaction Score (MSS):

WS = WF; x MSS (10)

e  Customer Satisfaction Index (CSI)
Overall satisfaction level based on

weighted scores:
P

CS] ==k= "~ WSk

0,
L x100% a1

TABLE II. CSI INDEX TABLE

CSI Value Category
81% - 100% Very Satisfied
66% - 80,99% Satistied

51% - 65,99% Fairly Satisfied

35% - 50,99% Less Satisfied

0% - 34,99% Not Satisfied

Source: Aritonang (2005)

Importance Performance Analysis (IPA)

The Importance Performance Analysis (IPA)

method is used to determine the level of

alignment between user expectations and
perceived performance, which is then mapped
onto a Cartesian diagram [27]. IPA combines
the measurement of importance and
performance into a two-dimensional analysis,
allowing easier interpretation and practical
recommendations [28]. In this study, variable

X represents the perceived performance of

MyTelkomsel’s service quality, while

variable Y reflects the level of importance or

user expectations.

According to Tjiptono, the IPA framework

consists of four strategic quadrants [29]:

1) Quadrant I (Concentrate Here): High
importance, low performance; attributes
requiring immediate managerial
attention.
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2) Quadrant IT (Keep Up the Good Work):
High importance, high performance;
attributes that should be maintained.

3) Quadrant III (Low Priority): Low
importance, low performance; attributes
with minimal impact on users.

4) Quadrant IV (Possible Overkill): Low
importance, high performance; attributes
performed well but considered less
essential by users.

e Potential Gain in Customer Value (PGCV)
The analysis of importance and performance
helps identify priority areas for improvement
[30]. This approach allows Importance and
Performance scores to be compared
quantitatively in a more detailed manner. The
steps of the PGCV index are as follows:

e Achieved Customer Value (ACV)

ACV reflects the value perceived by
customers based on their assessments of
performance and importance.
ACV = X x Y

X :average performance score
Y :average importance score

e Ultimately Desired Customer Value
(UDCV)

UDCV represents the value ideally
expected by customers. It is obtained by
multiplying the average importance score
by the maximum Likert scale value.
UDCV =Y X P Max

Y : average importance score
Pmax : highest Likert scale value

e PGCV Index

The PGCV value indicates the gap
between desired and achieved value.
Higher PGCV values reflect attributes
that require higher priority
improvements.
PGCV Index = UDCV — ACV  (14)
This index helps identify which service
attributes or features should be improved
first to enhance overall customer
satisfaction.

(12)

(13)

D. Evaluation

This stage presents the outcomes of the analytical
processes conducted in the study. The results include
the calculated Customer Satisfaction Index, the
distribution of service attributes across the four
Importance Performance Analysis quadrants, and the
priority values generated through the PGCV index.
These findings reflect users’ perceived performance,
expectations, and the attributes requiring improvement
within the MyTelkomsel application.

III.  RESULT AND DISCUSSION

This section presents the empirical findings of the
study in accordance with the research stages described
previously, namely Planning, Design, Data Collection,

Analysis, and Evaluation. The results cover the content
validity process, respondent characteristics, validity
and reliability testing, and the outcomes of the CSI,
IPA, and PGCV analyses for the MyTelkomsel
application.

A. Planning

The planning stage produced a final sampling
design and a clear profile of the respondents involved
in this study. Questionnaires were distributed to 100
users of the MyTelkomsel application residing in Java
and Sumatera.

Male
28%

Famale
72%

Fig. 2. Gender of Customer Respondents

Based on Figure 2., 28 respondents (28%) were
male and 72 respondents (72%) were female.
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Fig. 3. Respondent Domicile Distribution

Figure 3. shows that all respondents live in
provinces located in Java and Sumatera, with the
highest proportion coming from West Java Province,
while the remaining respondents are fairly distributed
across other provinces. This pattern is consistent with
the use of Proportionate Stratified Random Sampling,
indicating that each province in both islands is
proportionally represented.
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Fig. 4. Distribution of Long-Term Application Usage

Furthermore, Figure 4. describes the length of app
usage. The majority of respondents (51%) have used the
MyTelkomsel application for more than two years, 26%
for more than one year, 16% for more than six months,
and 7% for approximately one month. These findings
confirm that most respondents are experienced users, so
their assessments are highly relevant for measuring
perceived service quality and customer satisfaction.

B. Design

The design stage focused on developing and
refining the measurement instrument through content
validity and psychometric testing.

1. Content Validity

The content validity stage was conducted to
ensure that each item in the research instrument
adequately represented the intended construct.
In this study, content validity was assessed by
two experts, Mr. Ari Wedhasmara, S.Kom.,
M.TI., and Ms. Narectha Kawadha Pasemah
Gumay, S.Si., M.Kom. Both experts evaluated
the relevance and clarity of each indicator using
a four-point rating scale.

TABLE I1I. CONTENT VALIDITY CALCULATION RESULTS

AFTER REVISION
Code Expert | Expert I- Agreement
1 2 CVI
Al 4 4 1 Accepted
A2 4 4 1 Accepted
A3 4 4 1 Accepted
A4 4 4 1 Accepted
A5 4 4 1 Accepted
BI 4 4 1 Accepted
B2 4 4 1 Accepted
B3 4 4 1 Accepted
B4 4 4 1 Accepted
BS 4 4 1 Accepted
Cl 4 4 1 Accepted
C2 4 4 1 Accepted
C3 4 4 1 Accepted
C4 4 4 1 Accepted
C5 4 4 1 Accepted
D1 4 4 1 Accepted
D2 4 4 1 Accepted
D3 4 4 1 Accepted
D4 4 4 1 Accepted

D5 4 4 1 Accepted
El 4 4 1 Accepted
E2 1 4 1 Accepted
E3 4 4 1 Accepted
E4 4 4 1 Accepted

S-CVI 1 Accepted

After incorporating expert feedback and
completing two rounds of revisions, the
instrument was re-evaluated. The results in
Table 3. show that all indicators achieved I-CVI
= 1.00 and S-CVI = 1.00, indicating perfect
agreement between experts that the items are
clear, relevant, and accurately represent their
respective constructs. Therefore, the final
questionnaire fully meets the criteria for strong
content validity and is appropriate for
subsequent testing.

Instrument Structure

The finalized questionnaire consists of 24
indicators  distributed across the five
SERVQUAL dimensions (Tangibles,
Reliability, Responsiveness, Assurance, and
Empathy), each measured with importance
and performance/satisfaction scales using a
five-point Likert format. This structure
directly supports the application of the CSI,
IPA, and PGCV methods in subsequent
stages.

Data Collection

Data collection produced a complete
distribution of responses for each indicator on
both importance and satisfaction dimensions.

TABLE IV. DISTRIBUTION OF RESPONDENTS'
ANSWERS LEVEL OF IMPORTANCE

TP [ KP [ CP | P | SP
Code 1 2 3 4 5 Scale

Al 1 2 7 33 | 56 Tangibles
A2 0 0 7 34 | 59 Tangibles
A3 0 1 7 28 | 64 Tangibles
A4 0 1 6 26 | 67 Tangibles
AS 0 0 4 37 1 59 Tangibles
Bl 0 1 13 | 18 | 68 Reliability
B2 0 1 6 | 25| 68 Reliability
B3 1 6 10 | 23 | 60 Reliability
B4 0 2 9 29 | 60 Reliability
B5 0 0 14 | 21 | 65 Reliability
Cl 0 0 10 | 32 | 58 | Responsiveness
C2 0 0 10 | 29 | 61 | Responsiveness
C3 0 2 9 25 | 64 | Responsiveness
C4 0 0 12 | 27 | 61 | Responsiveness
C5 0 0 10 | 27 | 63 | Responsiveness
D1 0 2 5 21 | 72 Assurance
D2 0 0 6 23 | 71 Assurance
D3 0 0 7 24 | 69 Assurance
D4 0 0 8 28 | 64 Assurance
D5 0 0 8 28 | 64 Assurance
El 0 0 7 26 | 67 Empathy

E2 0 0 6 29 | 65 Empathy

E3 0 0 8 30 | 62 Empathy

E4 0 0 9 23 | 68 Empathy
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Table 4. presents the frequency distribution of
importance scores. Most responses are
concentrated in the “important” (4) and “very
important” (5) categories across all attributes,
confirming that the selected indicators are
indeed perceived as relevant by users.

TABLE V. DISTRIBUTION OF RESPONDENTS'
ANSWERS LEVEL OF SATISFACTION

TP | KP [ CP | P | SP
Code 1 2 3 4 5 Scale

Al 8 10 13 [ 48 | 21 Tangibles
A2 6 13 10 | 52| 19 Tangibles
A3 7 7 12 | 48 | 26 Tangibles
A4 5 12 9 40 | 34 Tangibles
A5 7 7 11 [ 50 | 25 Tangibles
Bl 9 12 [ 20 | 39| 20 Reliability
B2 8 13 8 49 | 22 Reliability
B3 15 [ 22 16 | 31 | 16 Reliability
B4 9 10 16 | 36 | 29 Reliability
B5 12 | 16 18 | 33 | 21 Reliability
Cl 28 12 14 | 31 | 15 | Responsiveness
C2 29 10 18 | 27 | 16 | Responsiveness
C3 30 11 13 | 29 | 17 | Responsiveness
C4 30 11 17 | 26 | 16 | Responsiveness
C5 29 12 12 | 30 | 17 | Responsiveness
D1 9 28 12 | 28 [ 23 Assurance
D2 9 10 12 | 37 [ 32 Assurance
D3 10 10 15 | 37 [ 28 Assurance
D4 13 25 13 129 [ 20 Assurance
D5 8 15 12 | 41 | 24 Assurance
El 29 9 12 |1 29 | 21 Empathy
E2 12 10 8 31 | 39 Empathy
E3 13 | 25 | 25 [ 24]23 Empathy

E4 9 26 12 | 28 | 25 Empathy

Table 5. shows the distribution of satisfaction
scores. Compared to the importance
dimension, satisfaction responses are more
dispersed, with noticeable portions in the
“neutral” and “less satisfied” categories for
several attributes, especially within the
Responsiveness dimension. This difference
between importance and  satisfaction
distributions suggests potential gaps between
user expectations and perceived performance,
which are explored further using CSI, IPA,
and PGCV. In this context, chatbot-related
attributes  reflect the effectiveness of
automated service intelligence, particularly in
delivering responsiveness and perceived
empathy within digital interactions.

C. Analysis

1.

Content Validity

The validity test was conducted to examine
whether each questionnaire item accurately
measures the intended construct. Item validity
was assessed by comparing the correlation
coefficient (r-count) with the critical value (r-
table).

TABLE VI. VALIDITY TEST RESULTS (30
RESPONDENTS)

Al 0.711 | 0.534 0,361 Valid
A2 0.849 | 0.759 0,361 Valid
A3 0.786 | 0.611 0,361 Valid
A4 0.746 | 0.592 0,361 Valid
AS 0.810 | 0.727 0,361 Valid
Bl 0.841 | 0.634 0,361 Valid
B2 0.907 | 0.766 0,361 Valid
B3 0.728 | 0913 0,361 Valid
B4 0.789 | 0.822 0,361 Valid
BS 0.747 | 0.920 0,361 Valid
Cl1 0.836 | 0.847 0,361 Valid
C2 0.865 | 0.853 0,361 Valid
C3 0.886 | 0.905 0,361 Valid
C4 0.854 | 0.899 0,361 Valid
C5 0.805 | 0.730 0,361 Valid
D1 0.825 | 0.517 0,361 Valid
D2 0.880 | 0.781 0,361 Valid
D3 0.925 | 0.865 0,361 Valid
D4 0.869 | 0.440 0,361 Valid
D5 0.884 | 0.812 0,361 Valid
El 0.839 | 0.810 0,361 Valid
E2 0.816 | 0.697 0,361 Valid
E3 0.871 | 0.759 0,361 Valid
E4 0.892 | 0.608 0,361 Valid

TABLE VII. VALIDITY TEST RESULTS (100

RESPONDENTS)

Code I S R Tabel (5%) | Validity
Al 0.506 | 0.744 0,196 Valid
A2 0.743 | 0.838 0,196 Valid
A3 0.660 | 0.818 0,196 Valid
A4 0.657 | 0.757 0,196 Valid
AS 0.720 | 0.799 0,196 Valid
Bl 0.689 | 0.753 0,196 Valid
B2 0.731 | 0.864 0,196 Valid
B3 0.746 | 0.726 0,196 Valid
B4 0.802 | 0.735 0,196 Valid
BS 0.850 | 0.747 0,196 Valid
Cl 0.841 | 0.788 0,196 Valid
C2 0.864 | 0.837 0,196 Valid
C3 0.863 | 0.830 0,196 Valid
C4 0.874 | 0.839 0,196 Valid
C5 0.829 | 0.827 0,196 Valid
D1 0.675 | 0.852 0,196 Valid
D2 0.796 | 0.843 0,196 Valid
D3 0.829 | 0.826 0,196 Valid
D4 0.700 | 0.848 0,196 Valid
D5 0.779 | 0.856 0,196 Valid
El 0.768 | 0.817 0,196 Valid
E2 0.745 | 0.764 0,196 Valid
E3 0.819 | 0.889 0,196 Valid
E4 0.726 | 0.835 0,196 Valid

[Code [ T | S | RTabel (5%) | Validity |

A preliminary test with 30 respondents
showed that all 24 items had r-count > 0.361,
indicating that every item was valid. The main
validity test with 100 respondents also
confirmed that all indicators had r-count >
0.196 with p < 0.05 for both importance and
satisfaction dimensions. These results
demonstrate that all questionnaire items are
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statistically valid and suitable for use in the
CSI, IPA, and PGCV analyses.

Reliability Test

Reliability was assessed using Cronbach’s
Alpha to evaluate internal consistency. An
instrument is considered reliable when o >
0.60.

TABLE VIII. RELIABILITY TEST RESULTS (30

RESPONDENTS)
. Cronbach N of
Variable Alpha Items Desc
Importance 0,963 24 Reliable
Satisfaction 0,980 24 Reliable

TABLE IX. RELIABILITY TEST RESULTS (100

RESPONDENTS)
. Cronbach N of
Variable Alpha Items Desc
Importance 0,967 24 Reliable
Satisfaction 0,977 24 Reliable

In the preliminary test (30 respondents),

Cronbach’s Alpha values were 0.963
(importance) and 0.980 (satisfaction). In the
main test (100 respondents), reliability

remained high with o = 0.967 (importance)
and 0.977 (satisfaction). All coefficients far
exceed the minimum threshold, indicating
that the instrument is highly reliable and

consistent in me asuring both user
importance  and  satisfaction  toward
MyTelkomsel’s service quality.

Customer Satisfaction Index (CSI)

CSI was computed using the Mean

Importance Score (MIS), Weight Factor
(WF), Mean Satisfaction Score (MSS), and
Weighted Score (WS) for each attribute. The
total WS is 338.77. With a maximum Likert
scale of 5, the CSI is:

338,77
5

According to Aritonang’s CSI classification,
a score of 67.75% falls into the “Satisfied”
category (66%—-80.99%). This indicates that,
overall, users in Java and Sumatera are
satisfied with the e-service quality of the
MyTelkomsel application. Nevertheless, the
score has not yet reached the “very satisfied”
category, implying that there is still room for
improvement, particularly on attributes with
high importance but relatively lower
performance.

Importance Performance Analysis (IPA)

a) Attribute Suitability Level Analysis
Based on the calculation of the level of
conformity between the Ilevel of
importance and the level of performance,
the average level of conformity was

CSI =

X 100% = 67,75 X 100% = 67,75

74.54%. which falls into
“appropriate” category (70%—79%).
e Attributes with the  highest
conformity include A4 (84.10%) and
A3/AS (83.30%), showing that ease
of use and clarity of information are
well aligned with user expectations.
e The lowest conformity is found in
C4 (64.06%), followed by C2
(64.38%) and C3 (64.60%), all
related to the Responsiveness of the
Chatbot Veronica and help features.
b) Cartesian Diagram Analysis

the
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Fig. 5. Cartesian Diagram

The Cartesian diagram in Figure 4.4 then

classifies attributes into four quadrants:

1. Quadrant I — Main Priorities: B5, C2,
C3, C5, D1, D4, El, E3, and E4
(high importance, low performance).
These attributes involve login and
security reliability, chatbot speed
and accuracy, completeness of
guidance, data protection, and
follow-up on feedback. They require
urgent improvement.

2.  Quadrant II - Maintain
Performance: A2, A3, A4, A5, B1,
B2, D2, D3, D5, E2, and E5 (high
importance, high performance),
which should be maintained through
continuous monitoring and system

maintenance.
3. Quadrant IIT — Low Priority: B3, C1,
and C4 (low importance, low

performance). Improvements here
can be carried out gradually.

4. Quadrant v - Possible
Overinvestment: Al and B4 (low
importance, high performance),
indicating that current performance
is already very good relative to their
perceived importance.

c) Analysis of Chatbot Performance
Limitations

The consistent underperformance of
chatbot-related attributes in Quadrant I
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5.

indicates that the issue is not solely
operational but also structural in nature.
Conventional chatbot systems, which are
typically rule-based or intent-based, have
limited capability in understanding user
context, handling complex queries, and
providing adaptive responses. As a result,
users often receive generic, repetitive, or
irrelevant responses, particularly when
their inquiries fall outside predefined
scenarios. This limitation directly affects
perceived responsiveness, accuracy, and
empathy key dimensions in e-service
quality. Therefore, the improvement of
chatbot performance requires not only
operational enhancements but also the

adoption of more advanced
conversational Al technologies that
enable context-aware, flexible, and

human-centered interactions.

Potential Gain in Customer Value (PGCV)

TABLE X. POTENTIAL CUSTOMER VALUE
INCREASE (PGCV) RESULTS

Code | Avg | Avg [ ACV [ UDCV [UDCV
¥ | X | X*Y) | (¥Y*5) | -ACV
BS5 4,51 3,35 15,10 22,55 | 74415
C2 4,52 2,91 13,15 22,6 9,4468
C3 4,52 2,92 13,19 22,6 9,4016
C5 4,53 2,94 13,31 22,65 | 9,3318
Dl 4,63 3,28 15,18 23,15 | 7,9636
D4 4,56 3,18 14,50 22,8 8,2992
El 4,61 3,04 14,01 23,05 9,0356
E3 4,55 3,19 14,51 22,75 8,2355
E4 4,60 3,34 15,36 23 7,636

PGCV analysis quantifies the gap

between Actual Customer Value (ACV) and
Ultimate Desired Customer Value (UDCV)
for key attributes (Table 4.10). The larger the
difference (UDCV — ACV), the greater the
potential gain in customer value if
performance is improved.
The highest PGCV values are:
e (C2 — Chatbot responsiveness (< 1
minute): 9.4468
e (C3 — Accuracy of chatbot responses:
9.4016
e (C5 — Chatbot’s ability to provide
satisfactory solutions: 9.3318
e EI — Smoothness of transactions via
MyTelkomsel: 9.0356
These four attributes represent the
primary leverage points for increasing
customer value. Other attributes with high
PGCYV values include D4 (feeling safe from
data leakage), E3 (up-to-date and relevant
information), D1 (security of personal data),
E4 (ease of finding features), and B5 (login
and security system reliability).
Improvements in these areas will significantly

enhance perceived value, trust, and
satisfaction. The dominance of chatbot-
related attributes (C2, C3, and C5) among the
highest PGCV values indicates that
automated service quality plays a critical role
in shaping customer value. This suggests that
users place high expectations not only on the
speed of chatbot responses but also on their
accuracy and problem-solving capabilities.
From a technological perspective, these
findings highlight the limitations of
conventional rule-based or intent-based
chatbot systems, which often fail to meet user
expectations due to their lack of contextual
understanding and adaptability. In contrast,
the adoption of more advanced conversational
Al can significantly enhance customer value
by enabling more intelligent, responsive, and
personalized interactions.

D. Evaluation

The results of this study summarize the key findings
from the CSI, IPA, and PGCV analytical methods. The
CSI score of 67.75% places MyTelkomsel in the
“Satisfied” category, indicating that service
performance meets user expectations but has not yet
reached the “Very Satisfied” level. The IPA results
show an average conformity of 74.54%, with the
highest alignment found in Ul-related attributes and
the lowest in attributes related to chatbot
responsiveness. The Cartesian diagram identifies
several attributes particularly B5, C2, C3, C5, D1, D4,
El, E3, and E4 as main priorities for improvement.
PGCV analysis reinforces these findings, with the
largest potential gains observed in C2, C3, C5, and E1,
indicating that chatbot performance, transaction
smoothness, and data security are the attributes most in
need of enhancement to increase customer value and
satisfaction.

IV. CONCLUSION

This study delivers an all-encompassing
assessment of MyTelkomsel's e-service quality by
combining CSI, IPA, and PGCV methods. The 67.75%
CSI score shows users are reasonably satisfied, while
the 74.54% conformity figure indicates performance
generally matches what wusers expect, though
significant shortfalls exist, especially regarding
Responsiveness and Security. IPA results pinpoint
chatbot performance, data protection, and how
complaints are handled as the main improvement
priorities. PGCV analysis underscores that enhancing
chatbot responsiveness, accuracy, solution quality, and
transaction ease would generate the most customer
value. The findings suggest that the primary service
quality gaps are structurally linked to the limitations of
conventional chatbot-based systems. Therefore, future
development should not only focus on improving
existing chatbot performance but also consider
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adopting human-centered conversational Al capable of
contextual understanding, adaptive interaction, and
effective problem resolution. Addressing these critical
areas while maintaining currently strong features will
elevate overall satisfaction and bolster MyTelkomsel's
reliability. Future efforts should concentrate on regular
system upgrades, improved responsiveness, and
stronger user-oriented improvements to deliver a more
seamless and protected digital service. However, this
study has several limitations. First, the data were
collected from a limited number of respondents and
were geographically restricted to users in Java and
Sumatra, thus not fully representing all MyTelkomsel
users in Indonesia. Second, the study focuses only on
specific service quality dimensions and may not
capture other factors influencing user satisfaction, such
as pricing or network performance. Therefore, future
research is recommended to involve a larger and more
diverse sample, expand the study area to include users
across Indonesia, incorporate additional variables, and
explore comparative studies with other digital service
applications to provide more comprehensive insights
into e-service quality improvement.
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Abstract—Waste management has become a global issue,
encompassing various challenges such as the separation
of organic and inorganic waste, waste collection
scheduling, fee collection, and the accumulation of waste
at final disposal sites (TPA). In Pekanbaru City, the waste
management mechanism involves empowering Waste
Collection Agencies (LPS) across 83 sub-districts. LPS is
responsible for collecting household waste and
transporting it to the TPA, as well as managing the waste
collection fees paid by residents. Since the fee
management process is still carried out manually, an
information system is needed to manage resident data
and monitor fee payments effectively. This study
developed the SilepasPKU Waste Management
Information System using the prototype method,
featuring waste collection management and fee
management modules. The system was tested through
three iterations with LPS UmbanSari users: the first
iteration focused on design testing, while the second
tested system functionality. Several improvements were
made based on user feedback. In the third iteration, all
system functionalities operated successfully. The testing
method is Blackbox Testing, User Acceptance Test (UAT)
and Usability Testing. The UAT result is user accept all
the functional system. The usability test is held to take
test for three role which is waste fee collector, waste
collector and LPS administrator, and the processing
results of the questionnaire data, it shows that the system
has a good level of usability and is acceptable to users.
Currently, SilepasPKU is being used by LPS UmbanSari
in their waste management operations.

Index Terms—, Household waste; Waste collection
agency; Waste collection fee; and Web-based
management system.

I. INTRODUCTION

Waste is a global issue that affects many parts of the
world. In developing countries, waste management
systems remain poorly organized due to limited public
knowledge on proper waste handling, inadequate

household-level management practices, and the lack of
adequate infrastructure for final disposal sites (TPA).
Many TPAs still rely on open dumping, while
controlled landfill and sanitary landfill methods are
rarely implemented. Other challenges include
insufficient recycling facilities, excessive use of single-
use plastics, and weak coordination between existing
institutions and local governments, resulting in
ineffective waste management systems [1].

According to the 2023 National Waste Management
Information System (SIPSN) report [2], the largest
portion of waste is disposed of in TPAs (60%—70%),
followed by burning (15%-20%), recycling (10%—
15%), composting (5%—10%), and uncontrolled
dumping (10%). Waste burning is commonly practiced
due to the absence of waste transportation facilities,
inherited traditions, and limited awareness of the
environmental risks associated with open burning.

Since July 2025, waste management in Pekanbaru
has been carried out through Waste Collection
Agencies (LPS), which operate at the sub-district level
to collect household waste. Based on interviews with
LPS officers in Umbansari, waste collection was
previously managed by private companies. However,
frequent delays in collection often resulted in waste
accumulation in residential areas. Consequently, the
establishment of LPS was initiated by the local sub-
district leader and operated by community members.
This system aims to regulate household waste
collection and ensure its transport to the TPA,
contributing to a cleaner and healthier environment.
LPS has become one of the city's flagship programs. In
addition to collecting waste, LPS is responsible for
managing waste collection fees. To facilitate these
responsibilities, the SilepasPKU Waste Management
Information System was developed using the prototype
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method, featuring modules for waste collection
management and fee management.

Several previous studies have explored waste
management information systems. Study [3], [4], [5],
[6] developed a mobile-based system designed to
simplify household waste collection, where waste had
already been sorted into organic and inorganic
categories, and pickup was requested directly by
residents or coordinated and assembled in one place.
Another study [7], [8] developed a web-based waste
management system.

Studies [9], [10], [11], [12] developed web-based
waste bank applications using the 3R (Reduce, Recycle,
Safe Disposal) approach, aiming to educate
communities on reducing household waste generation.
These systems include roles for administrators, officers,
and residents, enabling convenient waste exchange
transactions.

Another study [13] introduced an application
featuring route search for disposal sites, real-time
updates on waste collector arrival times, and reporting
capabilities for local planning agencies (Bappeda) to
monitor collected waste volumes. The application,
named E-waste, serves as a solution to optimize waste
management in Gorontalo City.

From the analysis of previous research, it can be
concluded that most of the systems that have been
developed focus on aspects of waste collection, waste
banks, disposal routes, reporting waste quantities, or
community education. Although these features are
important in supporting waste management, there are
still limitations in the integration between waste
collection schedule management and resident waste fee
management, especially in waste services at the sub-
district level.

The research being conducted currently is the
development of waste management system that
integrates waste collection scheduling and waste fee
management for residents in UmbanSari sub-district.
The waste collection module manages scheduling and
daily collection recording, while the fee management
module records and organizes resident fee payments.
The primary contribution of this study is the integration
of waste collection operational management and waste
fee administration functionalities within a unified web-
based platform.

The waste management application that developed
in this research integrates specialized functionalities for
waste collection operations and household waste fee
administration in UmbanSari Village. The system was
commissioned by the management of LPS UmbanSari
to streamline and enhance local waste management
activities. The System, named SilepasPKU, was
developed using the Prototype methodology, which
emphasizes continuous user involvement throughout
the development process to ensure conformity with
organizational business processes and stakeholder

requirements. The Prototype methodology, consisting
of the following phases: identifying existing business
processes and roles, proposing improved workflows,
designing the system and user interfaces, conducting
user evaluations, implementing the system using the
Laravel framework with MySQL database, and
performing black box testing to ensure all
functionalities work as expected. Testing was
conducted with LPS administrators. Results indicate
that SilepasPKU effectively supports waste collection
and fee management activities, helping LPS monitor
waste collection, disposal, and resident fee
contributions more efficiently.

1L RESEARCH METHODOLOGY

The development of SilepasPKU employed the
Prototype software development method, which
consists of the following phases: identification, design,
prototyping, evaluation, implementation, and testing.
The methodology used in this study is described below.

A. Identification

The identification phase focused on gathering user
requirements for SilepasPKU. The users in question
were the waste management administrators (LPS) of
Umbansari Sub-district. Observations were carried out
through interviews and evaluations of the existing LPS
operational processes. The observation process was
conducted through interviews with LPS managers
using a predefined set of questions to gather user
requirements. During these interviews, an evaluation
of the current operational processes of the LPS was
also carried out. A gap analysis of the current system
provided the foundation for developing the new
information system. A comparison between the current
(As-Is) business processes and the proposed (To-Be)
processes is presented in Table 1.

TABLE I COMPARISON OF THE EXISTING AND PROPOSED

BUSINESS PROCESSES
No As-Is To-Be
1. Viewing contribution | Displays statistical data on
data and waste | contributions and progress of

collection progress is
done manually.

automatic waste collection in
the system.

2. Management of sub-
district, village, and
family card data is still
done manually.

Management of sub-district,
village and family card data is
carried out directly in the
system, such as adding,
changing and deleting.

3. Manual recording and
monitoring of the status
of  annual citizen
contribution payments.

Recording and monitoring of
payment status is done on the
system.

4. | Manual recording of
daily waste collection
status per house.

Recording daily waste
collection status is neater and
easier in the system.

During this stage, the business value of the
proposed waste management information system was
identified, namely improving efficiency in data
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management and waste fee recording within LPS. The
resulting business requirements are:
a. The system must be able to record and store
resident waste fee data.
b. The system must allow monitoring and recording
of daily waste collection progress.
c. The system must be able to record resident data
registered under LPS.
d. The system must support the management of sub-
district and village data used in SilepasPKU

Based on the identification process, the users of
SilepasPKU consist of the super admin, LPS admin,
waste collection officers, and fee collection officers,
each with the following access rights:

1. The LPS super admin is a user with full access
rights, responsible for managing master data (sub-
districts and villages) and user accounts.

2. The LPS admin is an officer or staff member at the
sub-district level who manages family card data,
waste fee data, and waste collection activities
within their designated area.

3. The waste collection officer is a user assigned to
the Waste Collection feature, responsible for
marking the waste collection status in the
designated zones within their assigned village.

4. The fee collection officer uses the Waste Fee
Payment feature to record payments received from
residents in the village where they are assigned.

Based on these roles, the proposed business
processes for the SilepasPKU system include
monitoring waste management and fee collection
(Figure 1), waste collection activities (Figure 2), and
waste fee collection processes (Figure 3).

P5 Statt

Displaying Resident Contiibution Data and Wasts Collection Progress.

System

Fig. 1 Business Process for Monitoring Waste Management
and Waste Fee Collection

[Om——

Fig. 2 Business Process for Waste Collection

Papment Statiss Recorcing snd MonAsiing

Fig. 3 Business Process for Waste Fee Collection

B. Design

In this stage, the SilepasPKU system was designed
according to the proposed business processes. The
design includes system architecture, use case modeling,
database design, and user interface design:

1. System Architecture,

The SilepasPKU system architecture adopts a
Client—Server model in which users interact with
the system through their respective devices. The
system architecture is presented in Figure 4.

!l.

Chont \ .
> « >
internet
E / o Database
Cront

Fig. 4 System Architecture

2. Use case Diagram

The use case diagram in this study illustrates that the
Super Admin is able to manage master data,
including sub-districts and villages, as well as
AdminLPS user accounts. Meanwhile, the
AdminLPS user can manage zone data, resident
data, waste fee data, payment validation, and the
waste collection schedule within their designated
area. The use case diagram is presented in Figure 5.
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Fig. 5 Use Case Diagram of the SilepasPKU Application

3. Database Design

The SilepasPKU system is designed to manage
resident data, waste collection activities, and waste
fee records; therefore, several database tables were
created, including Sub-district, Village, Family
Card, Schedule (Waste Collection Schedule),
Collection (Waste Collection), Fee, Payment
(Waste Fee Payment), and User for account
management. The database design is shown in
Figure 6.
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Fig. 6 Database Design

4. User Interface Design

The user interface design of SilepasPKU was
developed based on the use case diagram. Several
interface prototypes of the SILEPASPKU system
are shown in the figures below. Figure 7 presents
the dashboard prototype, Figure 8 illustrates the
waste collection recording interface, and Figure 9
displays the waste fee data interface.
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Fig. 7 Dashboard
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Fig. 9 Waste Fee Data

C. Prototype Evaluation by Users

The user interface design presented in subsection
II.B.4 was evaluated by the LPS Super Admin. The
evaluation results indicated that the Super Admin
approved the interface design, allowing the system
development process to proceed to the implementation
stage.

D. Implementation

The completed system design was implemented
using the PHP programming language with the Laravel
framework, while MySQL was used as the database
management system.

E.  Testing
The SilepasPKU web application was tested by the
LPS Super Admin using the black box testing method.
I1I. RESULT AND DISCUSSION

After the user interface design was approved by the
LPS Super Admin, the development of the SilepasPKU
web-based system continued wusing the PHP
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programming language with the Laravel framework
and MySQL as the database management system.

A. Implementation of the SilepasPKU Web
Application

Based on the proposed business processes, the
SilepasPKU web application was developed with
several key features, including a dashboard for
displaying waste fee statistics and waste collection
progress, data management modules, and interfaces for
recording and monitoring both waste fee payments and
waste collection activities.

The SilepasPKU system supports multiple user
accounts according to the defined business roles. Users
are required to log in through the login page, as shown
in Figure 10, before accessing the system.

Masuk

'-0

Lembaga Pengelola Sampah

Fig. 10 Login Page

The SilepasPKU application is managed by the
Super Admin account, which has full access rights to
oversee all system master data, including sub-districts,
villages, and AdminLPS user accounts. In addition, the
Super Admin can monitor waste management and
waste fee collection activities through the dashboard, as
shown in Figure 11. The dashboard presents a summary
of operational data in Pekanbaru, consisting of the
following components:

1. Statistical Cards, displaying:
a. Annual Fee Potential: the total projected
revenue for one year assuming full payment
compliance by all registered households.

b. Fee Revenue (This Year): the actual
accumulated revenue collected up to the current
period of the year.

c. Total Family Card: the total number of

households registered across the city.

2. Anmual Fee Revenue Chart: which visualizes
monthly waste fee revenue trends from January to
December, helping to assess financial performance
over time.

3. Weekly Waste Collection Progress Chart: which
illustrates the number of households whose waste was
successfully collected each day during the past week,
providing an overview of operational performance.

The sub-district data management interface is shown in
Figure 12, while Figure 13 presents an example of the
account management interface.
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Fig. 11 Dashboard Page
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Fig. 12 Sub-District Data Management

Fig. 13 Account Management

The next user role in the SilepasPKU system is the
LPS Admin, who can view and manage data
exclusively within the sub-district to which they are
assigned. The LPS Admin can access the dashboard for
their respective sub-district, perform create, read,
update, and delete (CRUD) operations on Family Card
data, manage the waste collection schedule (Figure 14),
validate daily waste fee deposits (Figure 15), define
collection zones for each area (Figure 16), and set
monthly waste fee amounts in accordance with
applicable regulations (Figure 17). In addition, the LPS
Admin is responsible for managing the accounts of
waste fee collectors and waste collection officers.
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The next user role in the SilepasPKU system is the
fee collection officer, who is responsible for recording
resident waste fee payments into the system, as
illustrated in Figure 18.
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Fig. 18 Waste Fee Payment Recording Page

The final user role in the SilepasPKU system is the
waste collection officer, who is responsible for
recording household waste collection activities into the
system, as shown in Figure 19. This menu functions as
a digital checklist to support daily waste collection
operations.

@i
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Fig. 19 Waste Collection Checklist Page

Each user account performs its respective role
according to the access rights assigned. After
completing their tasks, users can log out of the system,
as shown in Figure 20.

Checkiist Pengameiian Sampah per Zona

Fig. 20 Logout Menu

B.  System Testing

The final phase of the Prototype methodology
consists of system functionality testing and user
interface (UI) evaluation using the System Usability
Scale (SUS) to assess the system's usability
1. User Acceptance Test

Comprehensive system testing was conducted to
evaluate the functionality of the system from the users'
perspective, specifically the LPS management acting
in the role of Super Administrator. This testing phase,
known as the User Acceptance Test (UAT), involved
the LPS Super Administrator, who has access to all
functionalities available within the SilepasPKU system

The results of the UAT are presented in Table II.
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TABLE ITUAT TESTING Usability testing was performed for all user roles
Function Scenario Expected Test Conclu within the SilepasPKU system, including the LPS
Result Result | sion Administrator, Waste Collector, and Fee Collector.
. . i The assessment employed the System Usability Scale
Displaying The Super | The waste | Succes | Valid . . P - .
automatic Admin fee sful (SUS) method, using the questionnaire items listed in
waste fee selects the | statistics Table III
statistics and Dashboard and waste
waste menu  and | collection Table Il Ussability Testing
collection views the | progress are
p}fogress in waste fee | displayed No Question Score
the system Sta(;‘sncs as expected 1| Ithink that I would like touse this | 1 ]| 2 | 3] 4 | 5
anll waste system frequently
collection 2 I found the system unnecessarily
progress complex
Managing The Super | Sub- Succes | Valid
sub-district, Admin district, sful 3 L;lelought the system was easy to
village, and selects the | village, and -
family card managemen | family card 4 I think nthaft ItW(Eﬁ? nle edrthi tob
data directly t menu for | data can be sgi)p? ° ih.ec :a person o be
in the system, | sub- properly able fo use TS System. _ -
including districts managed 5 I found the various functions in
adding village s’ this system were well integrated
modifying, and family baik
and deleting cards. and 6 I thought there was too much
p erforms inconsistency in this system.
add.  edit 7 Saya merasa sebagian besar orang
and, deletej akan cepat mempelajari cara I
operations would imagine that most people
Recording The Super | Both  the | Succes | Valid would lﬁarn to use this system
and Admin recording sful very quickly
monitoring selects the | and 8 [found the system very
payment payment monitoring cumbersome to use _
status in the recording menus 9 [ felt very confident using the
system and function system
payment correctly 10 | Ineeded to learn a lot of things
monitoring before I could get going with this
menus system
Recording The Super | The daily | Succes | Valid Quesfu}nnaire for the LPS
daily waste Admin waste sful Administrator Role —
collection selects the | collection 1 [ was able to log in without
status in a daily waste | status menu difficulty
clearer and collection functions 2 The resident data menu is easy to
more status correctly find
organized recording 3 The fee recording process is easy
manner menu to perform.
4 The deposit validation process
During the UAT phase, the Super Admin user was casy to un.derStand
. 5 Proses validasi setoran mudah
performed several test scenarios to evaluate the dipahami
SyStem’S functionalities, including mOnitOring the 6 The deposit validation process
progress of waste collection and waste fee collection, was easy to understand
recording waste collection activities, recording waste Q‘l‘e““’“s for tbhle Fef C‘?"ec_t'l‘l’“ Officer
fee payments, and managing various data within the ﬁivaﬁilitye to log mn without
SilepgSPKU application. The results showed that all 2 | The resident list was easy to find
functions operated correctly and were validated 3 | Recording payments was easy to
successfully. These findings indicate that the perform :
SilepasPKU application meets the defined business 4 | The deposit reporting process was
i ts, namely: the ability to record and store easy lo understand.
req}l 1rements, y: . y . Waste Collection Officer
resident waste.fee data, monitor and docqment daily 1 T was able to log in without
waste collection progress, record resident data difficulty.
registered under LPS, and manage sub-district, village, 2 | The collection schedule was easy
and user account data within the system. Therefore, 3 tTOht;u:j)llection checklist was casy
SilepasPKU provides increased efﬁc%ency in data to complete
management and waste fee recording for LPS 4 | The collection checklist was casy
operations. to complete
2. Ussability Testing The SilepasPKU system was tested for ease of

use and usefulness using the System Usability Scale
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(SUS) method. The testing involved all user roles
present in the system, namely LPS Admin,
Contribution Collection Officer, and Waste Collection
Officer. Each role in the system filled out the SUS
questionnaire with questions as shown in Table III
using a 1-5 Likert scale, where :

- 1 indicates Strongly Disagree

- 2 indicates Disagree

- 3 indicates Neutral

- 4 indicates Agree

- 5indicates Strongly Agree

Based on the processing results of the
questionnaire data, it shows that the system has a good
level of usability and is acceptable to users. This result
indicates that users find the system easy to learn, easy
to use, and able to support the implementation of
operational tasks in waste management and
contribution administration. Additionally, users also
assessed that the available features are well integrated
and align with the operational needs of LPS
Umbansari.

Therefore, it can be concluded that the
SilepasPKU system has a good level of usability and is
suitable for use as a supporting tool.

1V. CONCLUSION

Waste is an everyday issue, particularly household
waste, which includes food ingredients, leftovers,
plants, and other organic materials. Proper waste
management should be coordinated by local authorities
to ensure that it does not negatively impact the
environment. Several initiatives have  been
implemented by local governments, such as using
applications for waste collection, organizing recyclable
waste management (waste banks), and conducting
regular household waste pickups. These -efforts
motivate the development of innovations that can
simplify waste collection coordination and facilitate the
collection of waste fees used to support waste
management operations.

In this study, the innovation that build is the
SilepasPKU web based application, which serves as a
system for monitoring and recording waste collection
activities and waste fee payments in UmbanSari Village
at Pekanbaru Indonesia. SilepasPKU, a web-based
waste management information The main contribution
of this research is the integration of waste collection
management and waste fee administration into a single
platform that can be accessed by multiple user roles,
including LPS Super Admins, LPS Admins, waste
collection officers, and fee collection officers. The
system was developed using the Prototype
methodology, which enabled continuous user
involvement throughout the development process to
ensure that the implemented features aligned with the
operational requirements of LPS Umbansari. The
evaluation results indicate that the system functions
properly based on Black Box Testing, is accepted by
users through User Acceptance Testing (UAT), and

demonstrates a satisfactory level of usability based on
System Usability Scale (SUS) assessment. These
results suggest that SilepasPKU can improve the
efficiency of waste data management, waste collection
monitoring, and waste fee recording processes.

Despite these positive results, the current system
has several limitations. The application is only available
as a web-based platform and does not yet support
mobile devices. In addition, it does not provide
automatic notification features for fee payments and the
system hasn’t integrate GPS-based location tracking to
monitor waste collection activities in real time.

Future research may focus on developing a mobile
application version, implementing notification services,
integrating GPS and mapping technologies, and
evaluating the system in a wider operational
environment involving multiple villages or waste
management organizations. These enhancements could
further improve the effectiveness, scalability, and
usability of the system.
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Abstract—Fast moving digital technologies have forced
small and medium sized companies (SMEs) to restructure
their business processes to increase sustainability and
competitiveness. Yet many traditional SMEs -
particularly in the food and beverage industry - still rely
on manual and fragmented processes that impede
efficiency, scalable and data integration. This research
describes a cloud-integrated methodology to reform
business process in a conventional Bakery using Suisse
bakery Jakarta as qualitative case study. Data were
collected through direct observation and semi structured
interviews with operational stakeholders to identify
current company operations, operational challenges and
digitization needs. These results were mapped into a
restructured business process model based on value chain
analysis, use case modeling and cloud-based system
architecture design. The suggested redesign combines
online ordering, digital product catalog management,
social media marketing and delivery services with cloud-
based inventory, finance, warehousing and reporting
systems. The resulting architecture combines corporate
data and provides real-time information access to
business processes. The research concludes that process
visibility / data interoperability / operational flexibility /
organizational scalability through cloud-based business
process redesign improves process visibility / data
interoperability and reduces dependency on physical IT
infrastructure. This research mainly contributes a
systematic digital transformation framework that makes
business process redesign a precondition for cloud
adoption and not just an outcome of technology
installation. This methodology helps conventional SMEs
to adopt cloud-enabled operations and contributes to the
literature on digital transformation by providing a
systematic approach to align business processes with
cloud computing technology.

Index Terms— Business Process Redesign; Cloud
Computing; Bakery Management System; SME Digital
Transformation; Qualitative Study.

L INTRODUCTION

We all know that the food and beverage business
world, especially the bakery homemade business is
growing bigger from time to time. Most of SMEs have
developed and consolidation the business according to
the new era of technology[ 1], but some do not integrate
with technology, because of the lack of knowledge of
the system. The food and beverage industry in
particular the bakery sector has expanded due to
increasing consumer demands for service efficiency,
accessibility and digital engagement. In response to
these changes many small and medium sized firms
(SMEs) started adopting digital technology for their
operational activities, customer engagement and
managerial decision making. Despite this trend, many
conventional SME:s still use manual business processes
because they lack technology expertise, budget
constraints or fear of organizational change.

To enlarge the business, they must figure out and
prepare of the several ways to support the supporting
business process [2]from the marketing strategy, store
location, human resources, variative menu of the food
and beverage and the most important thing is the
infrastructure of the system they build to enhance the
daily operational business process activity. In many
SMEs digitalization initiatives focus on system
implementation rather than business process change
resulting in slow technology adoption and low
performance improvements.[3] The infrastructure
itself must be in support not only for the business
proces, but also for the activities and design of
manufacture [4]. With a good infrastructure system, it
will help to integrate the whole system for selling and
buying at the bakery, to provide a better service for
customers and to win the competition among other
bakeries[5].

SMEs looking for economical, scalable and
adaptable information solutions have turned to cloud
computing. Unlike on-premises architecture, cloud-
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based systems let enterprises access data and
applications remotely, reduce hardware maintenance
costs and dynamically alter computing resources as
needed.[6] Such attributes make cloud computing
particularly useful for SME operating in dynamic
sectors like the food and beverage industry. Successful
cloud deployment demands an absolute alignment
between business processes and technical architecture
- an area often not adequately investigated during
traditional baking operations.[7]

For this research, the business process design is
designed to Suisse Bakery, a very well-known old-
fashioned bakery located in Hayam Wuruk, Jakarta
since 1978. Although it is a well-known old-fashioned
bakery, it is also important that they need to develop a
good management system to survive and to maintain
the customer from other bakery competition in Jakarta.
Suisse bakery has not been integrated with technology
since 1978, all the business process they are running is
still manually. No website to promote the bakery, no
online ordering system (OOS) and no system
management to manage the customer’s order and
payment. The payment is only in cash, so the customer
sometimes finds it difficult to make the payment other
than cash.

This study aims to produce a design of business
process in terms of technological infrastructure
embedded with Cloud computing in the form of
diagrams, catalogues, and matrices that can help Suisse
Bakery in enlarge their business and to help to maintain
the business management system also can help bakery
staff manage data, including information on products,
transactions, raw materials, and reports. Reports are
available for owners to view without visiting the
business due to the application's internet
connection[8]. With the boom of electronic
technology, medium-sized and small firms (SMEs) are
becoming very competitive in the food & drink
segment as well. Digital transformation facilitates
operational efficiency, customer engagement and also
managerial decision making for the firms by using
information technologies. Many traditional SMEs still
use manual, disconnected and non-integrated business
processes which cause operational inefficiencies,
restricted scalability, data inconsistencies and lower
response to market changes. Cloud computing is an
appealing technology solution because of its
scalability, flexibility, accessibility and cost
effectiveness to SMEs. In previous research, benefits
of cloud adoption for SMEs were debated and
identified as better data management, lower
infrastructure costs and greater organisational agility.
But prior research has focused mainly on factors
affecting the implementation and adoption of
technology and less on the redesign of underpinning
business processes - a key indicator of whether cloud
technologies can deliver organizational value.

This reveals a research gap. Business process
redesign and cloud computing are acknowledged
accelerators of digital transformation but little is
known about their integration in traditional SMEs with

manual workflows. Current research often considers
cloud adoption merely a technological upgrade, and
not a transformation effort that requires a
synchronization of organizational processes with
digital infrastructure. Thus the ignorance remains as to
how traditional SMEs should restructure their
operation before adopting cloud-based solutions.
Herein, a cloud-integrated business process redesign
methodology with Suisse Bakery Jakarta as case study
fills this gap. Research highlights the strategic role of
business process redesign for cloud adoption
combining value chain analysis, use case modeling and
cloud-based architectural design. This work
contributes to the digital transformation literature
through providing a structured framework combining
operational processes with cloud technology and
offering practical assistance to traditional SMEs to
achieve sustainable digital transformation.

1L LITERATURE REVIEW

A good business in this era of development should
follow the world’s technology that is always changing
so fast. It is not only about how to make a good selling
point, but also important to maintain the loyalty of
customer satisfaction.

A. Business Process

According to According to [9], in his book
"Business Process Change”, the definition of business
processes is a series of activities carried out by a
business which includes the initiation of inputs,
transformation of information, and producing outputs.
The output can be valuable to the business or market
customer, it can also be valuable to other processes
(within the organization). A business process can be
broken down into several sub-processes that each have
their own attributes that contribute to achieving the
objectives of the parent process. Sub-processes can be
broken down into activities, which are the smallest
sub-processes that can consist of one or more steps that
must be included in the business process. With the
business process maturity model, it can help the daily
operational process, management process, supporting
process more effective and efficient [10].

BPR is a fundamental technique for enhancing
organizational performance through fundamental
rethinking / rebuilding of operational processes leading
to dramatic improvements in key performance
measures such as efficiency / quality of service /
responsiveness / cost savings. This Business Process
Redesign is relevant in the food and beverage industry
because the operational operations involve several
interrelated processes such as procurement / inventory
management / production / sales / delivery and
customer service / etc. Poor coordination between
these tasks often results in delays, inaccurate inventory
records, higher operating expenses and lower customer
satisfaction.
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Previous studies have demonstrated that BPR can
dramatically improve operational performance of
food-related organisations. BPR techniques together
with digital process integration enabled food SMEs to
improve business processes and cut processing time by
48% by using automated mechanisms for sales and
inventory management.[11] Similarly, research in food
and beverage industry showed that process reform,
innovation thinking and alignment of organisational
resources improve operational performance and
competitive advantage. Results indicate that constant
redesigning corporate activities is necessary for
efficiency and competitiveness in dynamic market
contexts. New literature on digital transformation
further demonstrates that technology alone cannot
create organizational value unless accompanied by
structured business processes. Business process
Management (BPM) and digital transformation are
therefore complementary projects where Process
reform is the basis for a successful adoption of digital
technology.[12] This is especially relevant for
traditional SMEs in the food and beverage industry
where many operations are still manual and
fragmented. Therefore, business process redesign is
required before introducing cloud-based solutions to
enable process standardisation, data interoperability
and  organisational  readiness for  digital
transformation.[13].

B. Cloud Computing

Cloud computing is always giving the new concept
of integrated information system by providing scalable
and virtual resources for the company. Good techniques
and resources, live migration, will vastly improved data
center based cloud with little of performance overhead.
[14]. Next In figure 1, shows there are three main
components inside of cloud computing, like
infrastructure, platform, and also application. And it is
all connected to Laptops, Servers, desktop, tablets,
phones [15]
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Fig 1. Cloud Computing

An information system called the Computing-Based
Management Information System (CMIS) may perform
a range of management-related duties, provide accurate
information to all levels of management within an
organization, and evaluate different types of data.
Cloud computing concepts state that it is primarily built
on five distinct qualities, including pay-as-you-go and
self-provisioning of resources, along with shared
resources, extreme scalability, and flexibility. The
concept of cloud computing is distinct from previous
computing paradigms that presumed restricted
resources. Rather, the foundation of cloud computing
is a business model that shares resources at the network,
host, and application levels. Since cloud solutions
enable organizations to lower the cost of computer
resources, there is an increasing demand for cloud
computing services.

The Information System becomes more superior
and cost-effective with cloud computing, increasing its
overall usefulness to a company. The following are the
primary ways that cloud technology has affected
information systems:

. Reasonably priced infrastructure: Companies
may save a significant amount of money by avoiding
the need to buy and maintain hardware. An enterprise
can choose any of the three alternatives based on their
needs and make the appropriate payment if they require
public or hybrid cloud.

. Quick access to information: In this sense,
cloud computing has completely transformed
everything by enabling on-demand access to all
company data from any location in the world without
the need for physical presence. Whether you are at
home, on vacation, or in route to or from the office, all
of your information is accessible via an internet-
connected device.

e The ability to scale: A cloud-based
information system only requires a request to the cloud
service provider; everything else is taken care of for
you. In contrast, a traditional management information
system would require the purchase and installation of
hardware to fulfill the update. The service provider
promptly updates cloud storage systems and apps to
guarantee scalability and save a significant amount of
time and work.

. Enhanced collaboration and integration: It
might also help the business give its customers better
service. Without the cloud, this kind of collaboration or
integration would not be feasible since it would be
necessary to install third-party apps on the data-
containing systems and grant physical access to the
systems to their IT staff to make the necessary
deductions.

One of the main worries that cloud users have since
the cloud's introduction is security. Numerous dangers
could jeopardize the security and safety of user data.
Recent years have seen a rise in cyberattacks and data
breaches, putting cloud service providers at danger of
losing the private data of their customers. The prolem
can be solved by always maintaining the rapid
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development of cloud computing, to protect the most
crucial things like data privacy and service availability
[16]. Among many other factors, weak or insecure
passwords, inadequate firewalls, and unprotected APIs
are the most common causes of cyberattacks and
account theft. [17]

As a critical enabler of digital transformation, cloud
computing provides SMEs with on-demand, scalable,
flexible and cost-effective access to computer
resources, apps and data storage through internet-
delivered services. In contrast to conventional on-
premises infrastructure, cloud-based systems require no
major hardware or software investments and thus
enable SMEs to adopt new digital technologies despite
financial and technological limitations. Operations -
cloud computing centralizes data administration, allows
real time information exchange and facilitates
communication across corporate divisions. Integrated
cloud systems manage company functions such as
inventory management, sales transactions, customer
ordering, financial reporting, production planning,
delivery management & supply chain coordination in a
digital ecosystem. Dieser integration reduces data
redundancy, manual processing errors, process
visibility and prompt and informed managerial
decision-making. Also, through cloud computing the
organizational agility, scalability and operational
reliability are also increased as the cloud organization
can alter the resources according to the variation in the
market demands. Cloud adoption improves SME
performance through optimizing operations, lowering
infrastructure costs, improving scalability and making
data more easily accessible across organizational units.
[18]Research indicates that cloud computing benefits
are maximized when technology implementation fits
organizational processes and operational requirements.
Consequently cloud computing needs to be considered
more than an information technology infrastructure, but
an enabler of business process integration and a
platform for long term digital transformation,
particularly for traditional food & beverage SMEs
looking to improve operational performance and
service quality.

C. Bakery Management Information System (BMIS)

BMIS is a computerized Bakery Management
Information System. The system's customer database
handles the issues of registering new agents on a daily
basis, managing stock levels, and handling refunds,
deliveries, product sales, and rates. Following
registration, a consumer receives a special code that
must be entered each time a purchase is made. By
analyzing report trends, including stock taking, items
sold, costs, and profits, the bakery can forecast supply
and demand and improve its production and sales
departments, among other areas, with the use of BMIS.
The inputs and outputs are processed by the Bakery
Management Information System (BMIS). It will help
the admin to make the job more easier such as managing
the production data, orders and payment [16], [19].
Details about data inputs include product sales through
purchases, which will require filling out forms for sales,

products, deliveries, returns, and agents. Forms such as
completed product forms and stocking details are filled
out to handle manufacturing specifics. Sales reports,
stocktaking reports, completed product reports,
delivery reports, return reports, and all searches, such as
returns searches, are among the outputs that will be
produced [20].

One of example from BMIS is Bakeroo as seen in
figure 2 and Bakeroo managing plan in figure 3. Using
a single platform, manage the workforce management,
production management, inventory, workplace health
and safety, and food safety for the bakery.
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Fig 3. Bakeroo Managing Plan

Although the Bakeroo system has its ability to
integrated all the system in a bakery, the system also
needs few attention in the system limitation such as the
ability of the users or bakery admin to have a
knowledge or understanding the process of using the
bakeroo system, and mastering the solutions for the
system’s problem. Also from the Vendor’s side
(Bakeroo system), the storage of customer’s data such
as daily transaction, customer’s personal data, only
stored inside of the Bakeroo’s platform and give
limitation to the admin or users when the data wished
to be store outside of the platform. Using Vanilla
implementaion for the Bakeroo, none of modification
of the system can be made, forcing the bakery to use the
default system. This process can trigger mismatch
between the organization’s business processes and
standard processes applied in vanilla implementation.
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III. METHODOLOGY

The methods apply for this research are qualitative
methods which are observation by visiting the bakery
store as a customer and take a journey to have a tour at
the bakery environment, see on how the business
process is running with observation and interviewing
few of the employees such as cashier and waiters [21].

1. Research Information

The research involving three key informants who
were directly in touch inside of the Suisse Bakery’s
operational activity, they are consist of one store
supervisor, one of the cashier and one of the kitchen
staf.

2. Interview technics

The semi — structured interview were conducted to
explore existing business processes, operational flow
and information flow. The interview is about 15- 20
minutes at the bakery.

3. Observation

The research were observated on the daily
operational activities such as customer ordering,
cashier transaction, production activities and reporting
processes. Field notes were recorded to document
workflow sequences, communication patterns and
operational bottlenecks.

4.  Data Validation

To improve data credibility, source triangulation has
been applied, by comparing information obtained from
interviews, direct observations, and organizational
documents.

5. Data analysis procedure

The analysis was held in four stages:

a. Identification the existing business processes
through observations and interviews

b. Mapping the operational activities using
value chain analysis

c. System development for the system
requirement using the use case modelling

d. Design of cloud-integrated business process
architecture based on identified operatonal
requirements.

The Research design stages are shown in Figure 4,
it starts with an explanation about the main activities
and supporting process that include in the management
of Suisse Bakery. Next, using a use case diagram to
clearly identify the system's relevant part, define the
various components of the business process and
ascertain how information systems link to the business
processes of the management of the Suisse Bakery.

The final design is to create an architecture-based
cloud computing infrastructure for the Bakery's
internal stages. Bakery environment is very important
to determine the integration for whole main role for the
business process like customer and the bakery staff or
worker [22].

ADMIN

I

BAKERY
AUTOMATED
SYSTEM

CUSTOMER  |fe—— ] I » WORKER

Fig 4. Bakery Environment

The research is using qualitative methods with
interview and observations. For the figure 5 below is
showing the research design stages.

( - Cloud Infrastructure
Cloud-Based System Integration - Online Ordering System

1 = Data Ma nt

( - Process Efficiency

Operational Outcomes - Datanteroperability

- Flexibility & Scalabil

- Improved Decision-Making
Organizational Impact - Enhanced Service Quality

-__SME’s Digital Transformation

Fig 5. Framework Study

This work's conceptual framework defines the
relationship between business process redesign and
cloud-based  system integration for  digital
transformation in conventional small and medium-
sized enterprises (SMEs). The paradigm operates
against the background of a conventional baking firm
with manual, disjointed and non-integrated operational
processes.[23]

. Initially the framework considers the
conventional bakery business environment where all
operational tasks like ordering / payment / inventory /
reporting are performed manually. This state often
causes data inconsistencies, restricted process
visibility & operational inefficiencies which limit
organizational scalability & market - readiness.[24]

. The second stage considers business process
reform an essential tool for digital transformation. It
considers business process redesign as an intermediary
step rather than directly integrating technology. Value
chain analysis and use case modelling identify and
restructure key activities like online ordering, delivery
services and customer interaction as well as supporting
activities like kitchen operations, finance, marketing
and warehouse management. Dieser process-oriented
methodology guarantees that technical solutions
correspond to real operational needs.[25]

. As the facilitating technology layer, the
framework adds cloud-based systems after process
redesign. Cloud computing offers scalable
infrastructure, centralized data storage and real time
access enabling optimized business processes to work
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across roles. Cloud infrastructure provides system
functions independent of physical IT assets for online
ordering systems, inventory, transaction processing
and management reporting.[26]

. Playing with restructured business processes
in combination with cloud-based systems yields better
operation outcomes like process/data efficiency, data
interoperability, flexibility and scalability. These
results allow SMEs to adapt operational capacity to
changing demand conditions, relevant in the food and
beverage industry.[26]

. It demonstrates how such operational
enhancements induce large organizational benefits
such as improved managerial decision making,
improved service quality and sustained digital
transformation. Such a paradigm places business
process redesign as a precondition for cloud adoption,
building upon the existing literature on SME
digitization and providing a systematic path for
traditional  firms moving to  cloud-enabled
operations.[23]

IV. RESULT AND DISCUSSION

The result is in this section for designing the
business process for Suisse Bakery Management
system, through the Value chain to explain about the
whole process in main activities and supporting
activities (seen on Figure 6). For main activities there
are Catalogue Menu, Social Media Campaign,
Delivery courier, OOS (Online Ordering System). For

the Supporting activities there are Kitchen,
Marketing/Sales, Finance/Accounting, also
Warehouse.
Kitchen
w
=
Marketing/Sales 3
g
o=
Y
Finance/Accounting =
[1:3
VWarehouse
g 00s
% Catalogue a%ﬂfg Delivery | (Online
= menu N Courier | Ordering
£ campaign System)
=

Fig 6. Value chain of main activities and support
activities

The catalogue menu for bakery is a product
catalogue that is filled with pictures of the bakery
menu, detailed with the description of each menu and
complete with the price to make customer easier to
choose what kind of menu they want to order. The
catalogue menu is presented in full color, divided
based on the characteristics of the menu, for example
the food and beverage section is different to make the
customer easy to find [27].

Social media campaign is social media promotion
[28]. Every social media networking site caters to a
certain demographic and employs varying methods to
enable users to exchange ideas, videos, images, and
links, forming a network of individuals linked by
shared interests. The growing quantity of people on
these platforms has drawn businesses to incorporate
online advertising into their marketing strategies
because of social media's ability to target consumers
and the fact that it is frequently less expensive than TV
or print advertising. Social media networking services
like Facebook, Twitter, and YouTube allow millions of
people to share information, disseminating news from
across the globe as well as news about their own lives
[29].

Next is Delivery Courier, we call it to provide a
good service to the customer. For running the business
nowadays, the customer is not only on a walk-in to the
store, but after they ordered by phone or website, the
store will prepare the products and ready to deliver to
the customer. Will be an advantage for customers not
to spend so much time on their way to the bakery. The
intention is to give clients the pleasure of placing their
favorite meal orders in the comfort of their own
homes[30]

And, Online Ordering System (OOS), The
Internet has altered not only the social interaction
pattern but also the corporate and economic interaction
patterns in this rapidly evolving world. Online ordering
systems, or OOS for short, are sophisticated
organizational-technical systems designed to enable
the processes involved in creating, altering, sending,
controlling access, and delivering orders. It offers
online services that let users browse for products, make
orders, and purchase goods and services via the
Internet. Therefore, to sell their items, the merchants
would not need to own or rent a physical site.
Customers may order cakes anytime, anyplace, and
without having to waste time traveling to the bakery
and waiting in line to place their orders, demonstrating
the flexibility of this system [30].

While for the supporting activities are Kitchen,
the kitchen is the busy place at the bakery. The bakers
need to prepare the ingredients, bake, knead the dough,
also make sure the bread display is always full so the
customer would not wait too long to have the bread.
The store supervisor needs to maintain the food stock
and communicate with the baker about the food
availability.

Next one is Marketing/Sales, to promote the
bakery, marketing and sales hold an important
assignment to make the marketing program every year,
define the target for customer, designing an eye-
catching advertisement can help to reach out the
customer and interest the customer to come to the
bakery or delivery online. Through digital marketing
[31], Businesses can give better client satisfaction and
have access to more efficient CRM technologies.
According to [32], there are five determinants of
loyalty identified by Reichheld and Schefter (2000):
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Quality customer support, On-time delivery,
Compelling product presentations, Convenient and
Reasonable price shipping and handling, also Clear
trustworthy privacy policies.

Moving forward to Finance/Accounting, work to
record the financial statements of customers, especially
for reports income from bakery every month, recap the
expense for buying the raw material, operational
expenses, etc. Preparing the annual bakery budget data
collection for various needs.

The last one is Warehouse, Suisse Bakery
continues to manage its business processes manually,
utilizing several traditional procedures such
purchasing raw materials based only on customer
orders, which frequently results in mismatches.
Between the required raw resources and the output at
the point of production. Subsequently, there is still no
unique recording made during the production phase,
which encompasses the utilization of raw materials and
the outcomes of finished items. As a result, after
production is completed, the raw material calculations
frequently contain inaccuracies. The procedure for
reporting the distribution of manufactured goods
presents another issue [33].

Next step is defining the business process parts
that are including the details of each business process
that can be seen in the use case diagram below (see
Figure 7).
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Fig 7. Use Case Diagram Business Process

The use case diagram above consists of five
actors that are involved in the business process[34],
they are Supervisor, cashier, customer, admin,
warehouse. They all can login into the Bakery
management system. The use case diagram covers all
the main activities and supporting activities as seen in
figure 6. The supervisor has access to manage the

whole selling and buying activities, which is to view
and export the data from transactions recap, invoice
recap, food, and beverage stock. The data which has
been exported can be used to make a report to the
manager or to analyze and make forecasting for future
transactions. Cashier has access to view the order from
customer, and then create the bills/payment for the
customer to pay, create invoice, updating the stock, and
recap the invoice routinely. The customer also can
view the catalogue menu to choose the food and
beverage they want to order, after that they make an
order through the system, after bills are released from
cashier, they can do the payment. The admin has access
to routinely updating the catalogue menu on the
system, also upload the announcement and
advertisement with the new one, so customer will
always get up to date for the information. Admin also
can view and export the transaction recap to report to
the supervisor. The last is warehouse, they can view
and export the food and beverage stock on the system
so they can prepare to order the raw materials to the
supplier. They also can view and export the transaction
recap to compare and adjust the stock and selling data
[35] Because bakeries are in areas that are associated
with the food and beverage business, and because there
is a possibility of physical damage or loss, cloud
architecture was selected over on-premises design.
Their computer solutions may be scaled to meet their
needs thanks to cloud-based design. The bakery can
reduce its computer resources to increase efficiency
during the weekdays or at night as fewer people use the
system to place orders than they do on the weekends
and in the morning. Additionally, this method makes
the workplace flexible. Due to the cloud's ability to
keep all data, both the bakery and its customers can
conduct business from any location, particularly when
they are unable to visit the bakery. With all these
benefits, cloud-based architecture has the potential to
boost output.

Figure 8 shows the cloud-based architecture.
Cloud architecture is preferred over on-premises
architecture because the bakery is a public place and
there is concern that there may be damage or loss of
property.
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Fig 8. Infrastructure Architecture-Based Cloud
Computing
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Thanks to the cloud-based architecture, it is
possible to develop IT solutions according to its needs.
When the bakery is closed or out of operational
working hours, customers cannot order through the
bakery management system, so the bakery can reduce
IT resources to operate more efficiently. This solution
also allows for the creation of a flexible workplace.
Because all information is stored in the cloud, admin
and customers can continue to operate from anywhere,
especially when unable to come to the store. With all
these benefits, cloud-based architecture can increase

roductivity.

Current business
process for Suisse
Bakery
Walk-in and telephone
orders
Manual printed
information

Business Function Bakeroo system Proposed framework

Product ordering Digital order management 00S

Digital catalog integrated with
bakery's social media
Cloud-based inventory
integrated with sales and
warehouse
Real-time cloud reporting
Delivery integrated with ordering
process
Fully cloud-integrated
architecture
Customized to Suisse Bakery

product catalog Digital catalog

Inventory control Manualstock record | Inventory management module

Financial Reporting | Manualrecap andreport | Standard operational reports

Deliverymanagement | Manual coordination | production-oriented workflow

DataAccess Location - dependent Cloud access available

Business process
alignment

Fig 9 Comparative analysis of business process
capabilities

Existing manualworkflow |  Generic bakery workflow

On Figure 9, compares the existing operational
environment of Suisse Bakery, the Bakeroo bakery
management platform, and the proposed cloud-
integrated framework. The comparison shows that
Bakeroo provides various digital management
capabilities  including inventory = management,
workforce management, production monitoring, and
food safety management. However, Bakeroo functions
primarily as a generic bakery management application.
In contrast, the proposed framework was developed
based on field observations and interviews conducted
at Suisse Bakery and therefore reflects the specific
operational requirements of the organization. The
framework not only introduces digital tools but also
redesigns business processes through the integration of
online ordering, social media marketing, inventory
control, delivery services, financial reporting, and
cloud computing infrastructure. Consequently, the
contribution of this research lies in providing a
structured business process redesign framework that
aligns cloud technology adoption with organizational
needs.

Area Existing Condition Proposed Condition Expected Impact
OrderingProcess  {Manualorder recording|  Automated online ordering Faster order processing
Inventory Monitoring | Manualchecking | Real-time inventoryvisibility | Reduced stock discrepancies

Improved managerial decision-
making

Reporting Manual compilation Automated reporting

Social media and online
ordering
Centralized cloud database

Customer Reach Physical store only Increased market reach

Data Management | Separate records

Fig 10. Expected improvements

Better data consistency

Figure 10 presents the expected operational
improvements resulting from the proposed cloud-
integrated business process redesign framework. The
comparison indicates that several operational activities
currently performed manually at Suisse Bakery can be
enhanced through process automation and cloud-based
integration. In the ordering process, manual order
recording can be replaced with an automated online
ordering system, which is expected to accelerate order
processing and improve customer convenience.

Furthermore, inventory monitoring can be
improved through real-time inventory visibility,
reducing stock discrepancies and enabling better
control of raw material availability. The proposed
automated reporting mechanism is also expected to
reduce the time required for report preparation while
supporting faster and more informed managerial
decision-making. In terms of customer engagement,
the integration of social media and online ordering
channels may expand market reach beyond physical
store visitors. Finally, the use of a centralized cloud
database is expected to improve data consistency by
eliminating fragmented records and providing a single
source of information across business functions.
Overall, the proposed framework demonstrates the

potential to enhance operational efficiency,
information  accessibility, and  organizational
scalability in support of digital transformation

initiatives for traditional SMEs

V. CONCLUSION

It shows that business process redesign is necessary
for cloud adoption and digital transformation in
traditional small and medium-sized organizations
(SMEs). Analyzing a manual, fragmented and non-
integrated bakery setting demonstrates that digital
technology alone is inadequate for transformation.
Essential and supporting business processes must be
redesigned to ensure that cloud-based technologies
meet  actual  operational requirements  and
organisational competences.

The proposed conceptual framework contributes to
the literature on digital transformation/business
process management by making business process
redesign a precondition for cloud implementation and
not a result. The methodology demonstrates how value
chain analysis & use case modeling of cloud-based
systems can enhance process efficiency, data
interoperability, flexibility and scalability with respect
to restructured processes. All these operational
enhancements bring great organizational benefits in
terms of refined managerial decision-making improved
service quality and organisational readiness for
adjusting to changing demand conditions - especially
in the food and beverage sector.

This study offers a methodical approach for
traditional SMEs moving towards cloud-enabled
activities while preserving business continuity.
Managers and practitioners are advised to prioritise
process analysis and redesign before investing in
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digital infrastructure to gain maximum benefits of
cloud technologies. Though confined to one qualitative
example, this study offers a general transferable
framework applicable to many SME industries. Later
research might extend this study with quantitative or
mixed methods to empirically validate the framework
across sectors and organisational settings.

Its qualitative single-case design constrains
generalizability of findings to other SME sectors. In
addition, operational enhancements are derived from
process analysis instead of quantitatively measured.
Later study may empirically support the proposed
paradigm through quantitative or mixed method
approaches across SMEs. Further longitudinal studies
could explore whether business process reform
enduringly impacts cloud adoption and organizational
performance. Opening this framework to other
industries/adding new technologies such as analytics
or artificial intelligence is one possibility for future
research.

In this study we see how business process reform is
needed to make cloud adoption/digital transformation
work in traditional SMEs. The research used Suisse
Bakery as case study to develop cloud-integrated
business process redesign methodology to connect
operational operations to digital infrastructure.
Proposed framework links customer ordering /
inventory management financial reporting / marketing
and delivery services in a centralized digital
environment via value chain analysis / use case
modeling and cloud architecture design. They enrich
the literature on digital transformation and business
process management by addressing the problem of
business process redesign/cloud computing not being
sufficiently incorporated in conventional SMEs. The
report says that cloud adoption adds organizational
value when accompanied by restructured business
processes for operational / data interoperability /
process visibility / scalability / managerial decision
making.

But despite all these developments this research is
constrained by many things. It is a qualitative single-
case study, which limits generalizability of results to
other SME industries/organisations. Its suggested
framework was designed at design level and has not
been empirically evaluated in full system
implementation/performance  assessment.  Further
study with a quantitative or mixed method approach in
other SMEs and industry sectors should confirm the
framework. Future system development may include
business analytics / artificial intelligence / demand
forecasting / customer relationship management / real
time supply chain monitoring / data driven decision
making. Longitudinal studies are recommended to
assess if cloud-integrated business process redesign
has lasted effects on organizational performance /
innovation capacity / digital transformation maturity.
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Abstract—Emotions play an essential role in human
interaction, driving the development of reliable
automatic emotion recognition systems.
Electroencephalography (EEG) offers a noninvasive
method to record neural activity related to emotional
states; however, many existing studies focus on limited
feature configurations or binary classification problems.
This research examines the influence of feature
dimensionality and classifier selection on three-class
EEG-based emotion recognition involving positive,
neutral, and negative categories. The primary
contribution of this study is a systematic assessment of
feature and classifier compatibility across 28
experimental scenarios within a unified evaluation
framework. Using a publicly available EEG dataset
containing statistical and spectral features, selection was
conducted using F-test and Minimum Redundancy
Maximum Relevance (mRMR) methods, isolating the top
5, 10, and 15 features alongside the complete set. Four
classifiers (Random Forest, Support Vector Machine, K-
Nearest Neighbors, and Neural Networks) were evaluated
via a 70/30 hold-out validation scheme using accuracy,
F1-score, and Area Under the Curve (AUC). Results
indicate that Random Forest trained with the full feature
set achieved the highest performance, reaching 99.53%
accuracy and 0.9994 AUC. These findings suggest that
ensemble-based models demonstrate greater robustness
when handling high-dimensional EEG features in multi-
class emotion recognition.

Index Terms—EEG; Emotion Recognition; Machine
Learning; Feature Selection

I.  INTRODUCTION

Emotions are fundamental to human social
interaction and societal functioning because they
support coordination, communication, and group
cohesion that developed alongside the growth of human
communities over evolutionary timescales [1]. Beyond
internal  experiences, emotions also  operate
interpersonally and are shaped by social context, while
simultaneously shaping others’ responses and decisions
[2]. The emotions as social information model further
explains that emotional expressions convey cues about
the expresser’s feelings, goals, and intentions, which
then influence observers through affective responses

and cognitive inferences [3]. These perspectives
motivate the need for reliable emotion recognition
methods, especially those that can capture emotional
states objectively rather than relying solely on self-
report or behavioral observation.

Electroencephalography has become a prominent
approach for emotion recognition because it is non-
invasive and provides real-time measurements of brain
electrical activity related to central nervous system
dynamics [4]. EEG-based emotion recognition is
commonly formulated as a signal-processing and
pattern-recognition pipeline that includes acquisition,
preprocessing, feature extraction, feature selection, and
classification [5]. However, a persistent research
problem remains that many EEG-derived features are
high-dimensional and redundant, while EEG signals
themselves are noisy and non-stationary. This
combination can degrade generalization performance,
inflate  computational cost, and complicate
interpretability, particularly when models are trained on
limited samples relative to the number of extracted
features [6].

State-of-the-art studies have explored diverse
feature representations and classifiers to improve
performance. Multi-feature fusion in the time domain
and composite representations based on wavelet
analysis and entropy have reported accuracies above
70% in common emotion dimensions such as valence
and arousal [7]. Other work has investigated spectral
and time-frequency strategies including Gabor-based
spectral descriptors, wavelet transforms, and general
time-frequency analysis, as well as entropy-driven
feature families [8], [9], [10]. In parallel, machine
learning classifiers such as neural networks, support
vector machines, and random forests have been widely
adopted for EEG emotion classification and have
achieved competitive results across datasets [11], [12],
[13]. These efforts collectively show that both feature
engineering and model choice strongly affect
recognition accuracy, yet they also suggest that
improvements are often constrained by the quality and
compactness of the selected feature set.
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Prior studies highlight the importance of feature
selection and discriminative representations, especially
in relation to frequency bands. A mutual information-
based feature selection combined with kernel classifiers
achieved around 73% accuracy for both arousal and
valence, indicating that reducing irrelevant information
can improve prediction [14]. Differential entropy
features have been shown to outperform conventional
energy spectrum descriptors, with reported accuracy
above 84%, and gamma-band activity was found to be
particularly associated with emotional variation [15].
Comparisons across multiple feature extraction families
indicate that time-domain statistical characteristics can
provide strong results, with accuracies around the high
70% range for valence, arousal, and dominance [16].
More recent evaluations comparing extraction,
reduction, and classification approaches reported strong
binary performance for kernel spectral regression with
random forest, while again reaffirming gamma rhythm
as informative for emotional changes [17]. Additional
hybrid reduction schemes such as combining PCA with
statistical screening have also reported mid-80%
performance with SVM, and Hjorth-parameter-based
pipelines with ANOVA-based selection have achieved
accuracy in the mid-70% range using ensemble
classifiers [18], [19]. Cross-dataset analyses further
suggest that the best-performing features and classifiers
can vary by dataset and protocol, although certain
families such as fractal-dimension features can be
consistently competitive when paired with appropriate
classifiers [20].

Despite these advances, the research gap is that
many pipelines either rely on large feature sets that are
prone to redundancy or apply a single selection criterion
that may not simultaneously maximize relevance to the
target labels and minimize overlap among chosen
features. This study addresses that gap by proposing a
redundancy-aware feature selection strategy that
integrates minimum redundancy maximum relevance
with F-test screening for EEG emotion classification.
The solution is designed to prioritize features that are

both discriminative and non-redundant, thereby
reducing dimensionality while preserving informative
variability related to emotional states. We extract a
broad set of statistical and mathematical descriptors
including mean, minimum, maximum, covariance
matrix representations, matrix logarithm features,
correlation  measures, and  frequency-domain
components via Fast Fourier Transform, and then apply
the proposed selection strategy prior to classification.

The novelty of this work lies in combining
redundancy-aware selection with statistical
significance screening on a heterogeneous feature pool
spanning  time-domain  statistics, = matrix-based
descriptors, and frequency components, aiming to yield
a compact and informative subset for emotion
prediction. The contribution of the research is to
introduce and evaluate an integrated feature selection
pipeline using minimum redundancy maximum
relevance and F-test screening to improve EEG emotion
classification performance while reducing feature
redundancy and computational burden. The
contribution of the research is also to provide an
empirical analysis of how the selected non-redundant
features impact classifier performance for emotion
dimensions such as valence and arousal using common
machine learning models, thereby supporting more
robust and interpretable EEG-based affect recognition.

II.  PRIOR WORKS

Table 1 provides a consolidated summary of
representative studies published between 2018 and
2025 on EEG-based emotion recognition. It brings
together recent contributions that reflect how the field
has progressed through different combinations of
feature engineering, feature selection, and machine
learning classification, while reporting performance
using commonly adopted metrics. This synthesis is
intended to offer a clear snapshot of current research
directions and typical performance ranges reported in
recent literature.

TABLE L SUMMARY OF PREVIOUS RESEARCH
Authors Year Method Evaluation Key finding
Vempati, et 2023 mRMR feature selection plus Accuracy, mRMR-selected gamma rhythm features with
al. [21] ensemble ML (subspace KNN, LOSOCV ensemble KNN reached 93.5-99.8%, confirming

SVM, ANN) on multichannel
EEG rhythms

Zhang, et al. 2023 ML (RF, SVM, KNN,
[22] XGBoost) with DWT and PCA

Abdumalikov, 2024 ML (RF, LR, XGBoost, SVM)

Accuracy, Recall,
Precision, F1,
ROC

Accuracy, hold-

mRMR effectiveness for EEG emotion classification.

Higher-frequency bands, especially gamma, were
most informative. Beta and gamma correlated with
emotional dynamics, with frontal sites reflecting
agitation.

RF with LASSO achieved 99.39% on EEG Emotion

et al. [23] plus feature selection (ANOVA  out validation dataset, consistently outperforming baseline across
F-test/LASSO/GA) with three feature selection methods.
Bayesian optimization
Hamzah, et 2024 Deep learning with time, Not stated Review indicates increasing use of deep learning for
al. [24] frequency, and time-frequency explicitly complex EEG patterns, with feature choice remaining
features critical.
Rios, et al. 2024 ML with PCA and PSD, RF and Accuracy, F1- Real-time VAD estimation system. Extra-Trees
[25] Extra-Trees score reached ~94% overall accuracy, with optimized

channels including frontal, temporal, parietal, and
occipital sites.
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Authors Year Method Evaluation Key finding
Wang, et al. 2024 GAN-based deep model with Emotion detection GAN framework improved emotion detection
[26] self-attention and residual design  accuracy accuracy and addressed training instability such as
vanishing gradients.
Mouazen, et 2025 Hybrid ML and DL models, Peak accuracy  Hybrid approaches reported peak accuracy around
al. [27] CNNs, RNNG, transformers, range 85-95% and emphasized interpretability and real-

autoencoders, SHAP

time feasibility.

III. METHODOLOGY

The workflow of this study is organized as a
sequential pipeline that transforms EEG recordings into
final emotion classification outcomes. It begins with the
available EEG data representing three emotional states,
namely positive, neutral, and negative, and proceeds
through standardized processing stages that ensure the
data are suitable for machine learning analysis and
performance evaluation. This structure follows
common EEG-based emotion recognition practice,
where each stage is designed to reduce noise and
complexity  while  preserving  emotion-related
information needed for accurate prediction.

The preprocessing stage converts continuous EEG
recordings into consistent and analyzable segments. In
the original data collection protocol, the raw signals
were resampled and downsampled to a uniform
sampling rate, then segmented using a sliding-window
approach to handle the non-stationary nature of EEG.
Feature extraction was subsequently performed to
generate a high-dimensional feature representation,
yielding 2,549 attributes that summarize relevant
temporal and spectral characteristics of brain activity
across standard EEG frequency bands. This feature-
based representation supports efficient learning while
maintaining a broad coverage of signal properties
relevant to emotional variation.

Dimensionality reduction in this study is achieved
through feature selection rather than transformation-
based methods. Two statistical strategies are applied to
identify informative features and reduce redundancy.
The F-test ranks features by how strongly they differ
across emotion classes, while minimum redundancy
maximum relevance selects features that are highly
associated with the target labels and minimally
overlapping in information content. This combination
is intended to produce compact feature subsets that
remain discriminative, improve generalization, and
reduce computational burden during model training and
testing.

The selected features are then used as inputs to
multiple classifiers to evaluate how feature selection
influences emotion recognition performance. The study
employs support vector machines, k-nearest neighbors,
random forests, and neural networks, providing a
comparative perspective across commonly used
machine learning paradigms for EEG classification
tasks. Model performance is assessed using
complementary metrics that include precision, recall,
F1-score, area under the curve, true negative rate, and
accuracy, enabling both class-wise discrimination
assessment and overall correctness evaluation. This
evaluation strategy supports a systematic comparison of
classifier behavior under different feature selection
settings and feature subset sizes.

Time Windowing
Rasampling
Downsampling
Feature Extraction
Feature Selection

Al L

324.000 data
2.549 data

SVM

I—» FTEST -
- -

. MRMR RF

NN

Classification and

Dataset Data Preprocessing Feature Selection Verfification
Performance Evaluation Matrix - I
Neutral e Positsve Classification erfonusice Compirkson
T - o
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Fig. 1. Methodology of the research
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A. Dataset

This study used a publicly available dataset entitled
“Detecting Emotions Using EEG Waves”, which was
developed by Karn Suksomkit and released on Kaggle
[28]. The dataset contains -electroencephalogram
recordings that are labeled into three emotion
categories, namely positive, neutral, and negative. Each
sample is represented by a set of features that were
extracted from the underlying raw EEG signals,
enabling supervised learning for EEG-based emotion
classification. The feature set includes common time-
domain descriptive statistics that summarize the
distribution of EEG amplitudes. These features include
the mean as an estimate of average signal level, as well
as minimum and maximum values that capture extreme
amplitudes within the signal segment. Such statistical
descriptors provide compact summaries of overall
signal behavior and are frequently used as baseline
representations in emotion-related EEG modeling.

In addition to descriptive statistics, the dataset
provides matrix-based and inter-channel relationship
features. Covariance matrices are included to represent
signal variance and cross-channel dependencies,
reflecting how EEG channels co-vary during emotional
processing [29]. The matrix logarithm is also provided
as a transformation applied to covariance matrices to
map them into a space that is often more suitable for
learning algorithms [30]. Correlation coefficients
further quantify linear relationships among channels,
offering additional information about functional
coupling patterns that may vary with emotional states
[31]. The dataset also incorporates frequency-domain
information derived using the Fast Fourier Transform,
which converts EEG signals from the time domain into
spectral components. These features aim to capture
brainwave-related patterns in the frequency spectrum
that are relevant to emotional processing [32]. By
combining time-domain statistical descriptors, inter-
channel measures, and spectral representations, the
dataset supports comprehensive modeling of EEG
dynamics for emotion recognition tasks.

B. Preprocessing

The EEG dataset used in this study was originally
reported in earlier work that investigated emotion
classification using a Muse headband device. Data were
collected from two participants, one male and one
female, aged 20 to 22 years. For each emotional
condition, EEG activity was recorded for three minutes.
In addition, six minutes of neutral resting-state data
were obtained, resulting in recordings representing
positive, negative, and neutral emotional states. EEG
acquisition was conducted using a commercial Muse
headband equipped with four dry electrodes placed at
TP9, AF7, AF8, and TP10 in accordance with the
international EEG placement system. Emotional states
were elicited through audiovisual stimuli [33]. Negative
emotions were induced using selected scenes from
Marley and Me, Up, and My Girl, while positive
emotions were elicited using La La Land, Slow Life,

and Funny Dogs. The neutral condition was recorded
without external stimuli and was performed before the
emotional sessions to reduce potential carryover effects
that could influence subsequent recordings [34].

The raw EEG signals were resampled and down-
sampled to a uniform sampling rate of 150 Hz,
producing a total of 324,000 data points [35]. To handle
the non-stationary nature of continuous EEG streams,
the recordings were segmented using a one-second
sliding window with a 0.5-second overlap, generating
shorter epochs suitable for analysis. From these
segments, a total of 2,549 attributes were extracted,
including statistical descriptors computed across
multiple canonical frequency bands comprising delta,
theta, alpha, beta, and gamma. Feature selection was
subsequently applied using evaluators such as
Information Gain and Symmetrical Uncertainty to
identify the most informative predictors and improve
computational  efficiency [36]. To  reduce
electromyographic contamination, participants were
instructed to avoid intentional movements during the
recording sessions [37]. At the same time, natural
behaviors such as blinking were neither explicitly
encouraged nor suppressed in order to preserve
ecological validity. Prior evidence indicates that blink
dynamics are associated with cognitive demand and
attentional processes, and thus may provide informative
signals that contribute to emotion-related classification.
Participants were also instructed to keep their eyes open
during the tasks to maintain consistent recording
conditions across sessions [38].

C. Feature Selection

Unlike studies that start from raw EEG signal
processing, this research used a structured dataset
obtained from Kaggle that already provides pre-
extracted features derived from EEG recordings. The
available attributes include both statistical descriptors
and spectral characteristics, allowing the analysis to
proceed directly at the feature level rather than at the
continuous-signal level [39]. Because the dataset is
feature-based, preprocessing in this study emphasized
selecting informative  variables and building
classification models, rather than applying signal
filtering, artifact correction, or other waveform-level
operations [40]. All preprocessing and analysis were
implemented in MATLAB 2024. Given the high
dimensionality of the feature space, the study applied
feature selection to reduce complexity and improve
learning stability. Two statistical selection approaches
were used, namely the F-test and minimum redundancy
maximum relevance. The F-test was used to assess the
discriminative association between individual features
and the emotion labels, supporting the identification of
features that vary significantly across classes [41].

Minimum redundancy maximum relevance was
then employed to prioritize features that are strongly
related to the emotion class labels while simultaneously
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minimizing redundancy among the selected features.
This strategy aims to retain complementary information
by reducing overlap between features that carry similar
patterns, thereby improving the compactness and
interpretability of the final feature subset used for
classification [42]. The ranked feature list produced by
the minimum redundancy maximum relevance
procedure is shown and summarized in Figure 2 and
Table 2.

mRMR Score

Fast Fourier Transform_134_a 5.5322
Fast Fourier Transform 131_a 5.491
Fast Fourier Transform_119_a 5.491
Fast Fourier Transform _116_a 5.491
Fast Fowrier Transform_104_a 5.3917
Fast Fourier Transform_101_a 5.3017
Fast Fourier Transform_100_a 5.2033

Fast Fourier Transform_74 a 5.2033

Fast Fourier Transform_71_a 5.2033

Fast Fourier Transform _59_a 5.2033

Fast Fourier Transform_56_a 4.911

Fast Fourier Transform 44 a 4.9063

Fast Fourier Transform_41_a 4.2555

Fast Fourier Transform 29 a 4.2555

Fast Fourier Transform 26 .a 0

Fig. 2. Top 15 features selected using mRMR Method

TABLE II. TOP 15 FEATURES SELECTED USING MRMR
METHOD
Rank Features mRMR Score
1 Fast Fourier Transform_746_b 5.5322
2 Mean 0 a 5.4910
3 Fast Fourier Transform 748 b 5.4910
4 Log Magnitude 72 a 5.4910
5 Covariance Matrix_50_a 5.3917
6 Log Magnitude 60 a 5.3917
7 Covariance Matrix_30_a 5.2033
8 Covariance Matrix_99 b 5.2033
9 Fast Fourier Transform 233 a 5.2033
10 Log Magnitude 4 b 5.2033
11 Correlate 59 b 49110
12 Moments 2 a 4.9063
13 Fast Fourier Transform 491 a 4.2555
14 Minimum Quantile 19 a 4.2555
15 Maximum Quantile 17 b 3.5684

each class, and are therefore considered to have
stronger discriminative capability for emotion
classification [44]. The resulting feature rankings
obtained from the F-test are summarized in Table 3.

TABLE IIL FEATURE RANKING RESULTS USING F-TEST
METHOD
Rank Features F-test Score
1 Fast Fourier Transform 26 _a Inf
2 Fast Fourier Transform 29 a Inf
3 Fast Fourier Transform 41 a Inf
4 Fast Fourier Transform 44 a Inf
5 Fast Fourier Transform_56_a Inf
6 Fast Fourier Transform 59 a Inf
7 Fast Fourier Transform_71_a Inf
8 Fast Fourier Transform 74 a Inf
9 Fast Fourier Transform_100_a Inf
10 Fast Fourier Transform 101 _a Inf
11 Fast Fourier Transform_104_a Inf
12 Fast Fourier Transform 116 _a Inf
13 Fast Fourier Transform_119_a Inf
14 Fast Fourier Transform 131 a Inf
15 Fast Fourier Transform_134_a Inf

After applying minimum redundancy maximum
relevance, the F-test was used to further evaluate the
statistical relevance of individual features across the
emotion classes [43]. This step aimed to quantify how
strongly each feature differs among class groups,
providing an additional perspective for prioritizing
discriminative attributes before classification. The F-
test assesses the ratio between between-class variance
and within-class variance for a given feature. Features
that produce higher F-scores indicate larger differences
among class means relative to the variability within

The results indicate that all selected features
produced infinite F-scores, which suggests extremely
strong separation among the emotion classes under the
F-test criterion. In practical terms, an infinite F-score
typically arises when the within-class variance for a
feature approaches zero while between-class
differences remain non-zero, leading to a ratio that
diverges. This outcome implies that, for the evaluated
samples, the corresponding features exhibit highly
consistent values within each class while differing
markedly across classes, and therefore appear to be
highly discriminative according to the statistical test
[45]. To examine how classification performance
changes as the feature space becomes more compact or
more expressive, subsets of the highest-ranked features
were formed based on the F-test ordering. Specifically,
three feature dimensions were evaluated by selecting
the top 5, top 10, and top 15 ranked features for
subsequent classification experiments. This staged
selection supports a systematic comparison of model
performance under different levels of dimensionality
and helps assess whether a smaller subset can achieve
comparable accuracy to larger feature sets, while
potentially improving efficiency and reducing
redundancy effects [46].

D. Classification Models

In this study, emotion classification was formulated
as a single-label multi-class task in which each sample
was assigned to exactly one category among positive,
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neutral, and negative emotional states. All classification
procedures were implemented in MATLAB 2024 using
the Classification Learner App, ensuring a consistent
workflow for training, validation, and performance
reporting across models. To examine how feature
selection influences predictive performance, four
widely used classifiers were evaluated, namely K-
Nearest Neighbors, Support Vector Machine, Neural
Network, and Random Forest. Each classifier was first
trained using the complete feature set to establish a
baseline. The same models were then re-trained and re-
tested using reduced feature subsets produced by the F-
test and minimum redundancy maximum relevance
methods. For both selection strategies, three subset
sizes were considered, consisting of 5, 10, and 15
features, to assess performance under different
dimensionalities.

Across the full-feature baseline and the reduced-
feature settings, a total of 28 experimental scenarios
were conducted to enable a structured comparison of
classifier ~behavior across alternative feature
configurations. Model evaluation followed a hold-out
validation strategy in which 70% of the samples were
used for training and the remaining 30% were reserved
for testing. All analyses were performed within the
MATLAB environment, including confusion matrix
generation and metric computation to support
consistent and reproducible reporting. The primary
performance measure was the area under the curve,
computed on a per-class basis to reflect discrimination
capability for each emotional category. Accuracy and
Fl-score were also reported to provide a
complementary view of overall correctness and class-
sensitive predictive balance, thereby enabling a more
comprehensive  interpretation  of  classification
performance across models and feature selection
conditions.

The following hyperparameters were applied to
each classifier using the default presets in MATLAB
2024 Classification Learner. Random Forest (Bagged
Trees): learner type = Decision Tree, number of
learners = 30, maximum number of splits = 1492.
Support Vector Machine (SVM): kernel = Linear, box
constraint C = 1, kernel scale = automatic, multiclass
coding = One-vs-One, with data standardization
enabled. K-Nearest Neighbors (KNN): preset = Fine
KNN, number of neighbors K = 1, distance metric =
Euclidean, distance weight = equal, with data
standardization enabled. Neural Network: preset =
Wide Neural Network, hidden layer sizes = 100 (1
layer), activation = ReLU, iteration limit = 1000. These
settings were held constant across all 28 experimental
scenarios to ensure fair comparison.

E. Feature Extraction

In this study, feature extraction was not performed
directly from raw EEG signals because the analysis
relied on a publicly available Kaggle EEG dataset that
already provides a rich set of pre-extracted features.
The feature set is designed to represent multiple aspects
of EEG activity under different emotional conditions,

including  statistical  descriptors, inter-channel
relationship ~ measures, and frequency-domain
characteristics. This approach allows the workflow to
focus on feature selection and classification while still
capturing essential temporal and spectral information
relevant to emotion recognition [47].

Basic statistical descriptors such as mean,
minimum, and maximum were included to summarize
the amplitude characteristics of EEG segments. The
mean reflects the average signal amplitude within a
segment, while the minimum and maximum values
represent the lowest and highest amplitudes, capturing
the intensity and variability of neural activity. These
features provide compact temporal summaries and are
commonly used in EEG-based emotion recognition
because they can reflect changes in baseline activity and
amplitude fluctuations that occur across emotional
states [48]. The mean of a signal segment can be
expressed as

1 (1

where x; denotes the signal samples and N is the
number of samples in the segment.

1
Mean = —
N

To represent coordinated activity across EEG
channels, the dataset also includes covariance matrices.
Covariance captures linear co-variation between
channels and can reflect shared neural dynamics that
may change under emotional stimulation. Because
covariance matrices are positive semi-definite and are
often treated as lying on a Riemannian manifold,
applying the matrix logarithm maps them into a
Euclidean space, which facilitates their use in
conventional machine learning pipelines. The
covariance between two channel signals x and y can be
written as

Cov(x,y) = 7= T, (i =D =7 ()

where x; and y; are samples from two channels, N
is the number of samples, and X and ¥ are the
corresponding channel means.

Correlation features were further used to quantify
the similarity of signal patterns across channels in a
normalized manner. Correlation can help identify
synchronization or functional coupling, which may
vary depending on emotional processing and stimulus
engagement. The correlation coefficient is defined as

Corr(r,y) = ) ©
0,0y
where o, and o,, are the standard deviations of x and
y, respectively. The coefficient ranges from —1 to 1,
with values closer to +1 indicating stronger linear
association.

In addition to time-domain and relational
descriptors, frequency-domain features were derived
using the Fast Fourier Transform to compute spectral
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representations  efficiently [49]. FFT enables
transformation of EEG signals from the time domain
into the frequency domain so that energy or power
distribution across frequency bins can be analyzed.
Such spectral information is highly relevant to emotion
recognition because canonical EEG bands including
theta, alpha, beta, and gamma are linked to cognitive
and affective processes such as relaxation, alertness,
and emotional arousal [50]. The discrete Fourier
transform of a length-N discrete signal x(n) is given by

.2mwkn
X(k) =YNAx(m)e ™ v, k=01,..,N—-1 (4

where x(n) is the time-domain EEG signal, k is the
frequency index, N is the number of samples, and j
denotes the imaginary unit.

F. Dimensionality Reduction

Rather than relying on transformation-based
dimensionality reduction techniques such as Principal
Component Analysis, this study adopted statistical
feature selection to reduce dimensionality at the feature
level. The main objective was to identify a compact
subset of informative features from the high-
dimensional EEG feature space while preserving
interpretability, improving classification effectiveness,
and reducing computational cost during model training
and testing. Two complementary selection strategies
were applied, namely the F-test and minimum
redundancy maximum relevance. The F-test was used
to quantify how strongly each feature differentiates the
target emotion classes by evaluating the ratio between
between-class variation and within-class variation.
Features with larger F-scores were considered more
discriminative and were therefore prioritized for
downstream classification.

Minimum redundancy maximum relevance was
used to address a common limitation of purely
univariate ranking methods, which may select features
that are individually strong yet highly overlapping in
information content. This method selects features that
are highly associated with the class labels while
simultaneously minimizing redundancy among the
chosen features, encouraging a feature subset that is
both relevant and diverse in the information it carries.
Through these selection procedures, the original feature
space containing more than 2,500 features was reduced
into several compact subsets. The top-ranked 5, 10, and
15 features were retained as inputs for classification
experiments, enabling a systematic evaluation of model
performance under different feature dimensionalities
and supporting a clear assessment of the trade-off
between compactness and predictive accuracy.

IV. RESULTS

In the initial phase of this study, four classifiers
were evaluated, comprising Random Forest, Neural
Network, K-Nearest Neighbors, and Support Vector
Machine, using feature subsets generated by the F-test

and minimum redundancy maximum relevance
methods. To assess the influence of dimensionality and
to understand each classifier’s sensitivity to feature
reduction, experiments were conducted using the full
feature set and reduced subsets consisting of the top 5,
top 10, and top 15 ranked features. In total, 28
experimental  scenarios were executed: four
configurations used the full feature set (one per
classifier, without feature selection), while the
remaining 24 reflected combinations of two feature
selection methods (F-test and mRMR), three subset
sizes (top 5, 10, and 15 features), and four classifier

types.

The results showed notable wvariability across
configurations,  indicating  that  classification
performance depends strongly on the interaction
between the learning algorithm and the selected feature
representation. Among all evaluated settings, three
configurations consistently produced high performance
across the positive, neutral, and negative emotion
categories. These top-performing settings were
Random Forest trained on the full feature set, Random
Forest trained using 15 features selected by minimum
redundancy maximum relevance, and Neural Network
trained using 15 features selected by the F-test. The
corresponding performance summaries are presented in
Table 4 and Figure 3 for the positive class, Table 5 and
Figure 4 for the neutral class, and Table 6 and Figure 5
for the negative class.

Positive Classification Performance Comparison
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0
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Fig. 3. Performance on Positive Emotion Classification

Neutral Classification Performance Comparison
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Fig. 4. Performance on Neutral Emotion Classification
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Negative Classification Performance Comparison
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Fig. 5. Performance on Negative Emotion Classification

TABLE IV. PERFORMANCE COMPARISON OF CLASSIFIERS FOR
POSITIVE EMOTION CLASSIFICATION
gy RPALL_ N RVR T NNERST
Accuracy 0.97790 0.90221 0.80643
Precision 0.99400 0.98178 0.84837
Recall 0.95766 0.82056 0.63105
TNR 0.98796 0.94283 0.89368
F1 Score 0.97549 0.89396 0.72375
AUC 0.99796 0.96020 0.85180
TABLE V. PERFORMANCE COMPARISON OF CLASSIFIERS FOR
NEUTRAL EMOTION CLASSIFICATION
gy REALL TR NEEST
Accuracy 0.99531 0.98326 0.90757
Precision 0.99400 0.98178 0.84837
Recall 0.99202 0.96806 0.88224
TNR 0.99698 0.99093 0.92036
F1 Score 0.99301 0.97487 0.86497
AUC 0.99943 0.99460 0.96420
TABLE VL PERFORMANCE COMPARISON OF CLASSIFIERS FOR
NEGATIVE EMOTION CLASSIFICATION
e, WAL RO ST
Accuracy 0.98259 0.91092 0.88547
Precision 0.96443 0.83925 0.79385
Recall 0.98387 0.90524 0.88508
TNR 0.98195 0.91374 0.88566
F1 Score 0.97405 0.87100 0.83699
AUC 0.99643 0.97250 0.91930

For positive emotion classification (Table 4,
Figure 3), RF ALL achieved the highest performance
(Recall: 0.95766, Fl-score: 0.97549, AUC: 0.99796).
RF mRMR 15 yielded a Recall of 0.82056, F1-score of
0.89396, and AUC 0f 0.96020. NN FTEST 15 recorded
the lowest performance among the three (Recall:
0.63105, F1-score: 0.72375, AUC: 0.85180).

For neutral emotion classification (Table 5,
Figure 4), RF ALL achieved a Recall of 0.99202, F1-
score 0£0.99301, and AUC 0f 0.99943. RF mRMR 15
yielded a Recall of 0.96806, F1-score of 0.97487, and
AUC of 0.99460. NN FTEST 15 recorded a Recall of
0.88224, F1-score of 0.86497, and AUC of 0.96420.
For negative emotion classification (Table 6,
Figure 5), RF ALL achieved a Recall of 0.98387, F1-
score of 0.97405, and AUC of 0.99643. RF mRMR 15
yielded a Recall of 0.90524, F1-score of 0.87100, and
AUC of 0.97250. NN FTEST 15 recorded a Recall of
0.88508, F1-score of 0.83699, and AUC of 0.91930.
These findings demonstrate that classification
performance varies notably across configurations, with
Random Forest using the full feature set consistently
achieving the highest results across all three emotion
classes, while reduced-feature subsets and alternative
classifiers showed varying degrees of performance
decline depending on the selection method and subset
size.

V. DISCUSSIONS

The experimental results demonstrate that EEG-
based emotion recognition is strongly influenced by
both the selected feature subset and the classifier used
for learning. In this study, Random Forest, Neural
Network, K-Nearest Neighbors, and Support Vector
Machine were evaluated using two commonly applied
feature selection strategies, namely the F-test and
minimum redundancy maximum relevance. Each
classifier was assessed wusing multiple feature
dimensionalities, including the top 5, top 10, top 15, and
the full feature set, to examine the trade-off between
compact representations and predictive effectiveness
for positive, neutral, and negative emotional states.

Across the 28 experimental scenarios, Random
Forest trained using the full feature set, denoted as RF
ALL, consistently achieved the best overall
performance for all emotion classes. Its strongest
outcomes were observed for the neutral class, where it
reached an accuracy of 99.53 percent, an F1 score of
0.9930, and an AUC of 0.9994. Comparable results for
the positive and negative classes further indicate that
Random Forest remains robust in high-dimensional
EEG feature spaces, likely because its ensemble
structure can accommodate feature redundancy and
implicitly exploit feature importance during split
optimization.

When stronger dimensionality reduction was
applied, performance differences became more
apparent across classifiers. Neural Network trained
with the top 15 features selected by the F-test, denoted
as NN FTEST 15, showed noticeably lower
performance, particularly for the positive class, where
the F1 score and AUC declined to 0.72375 and 0.8518,
respectively. This pattern suggests that some classifiers
are more sensitive to reduced feature representations,
especially when informative interactions among
features are removed or when the remaining subset is
insufficient to support stable decision boundaries. In
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such cases, Neural Network models may require
architectural adjustment or additional regularization to
better exploit limited input representations, particularly
when the features are not learned end to end from the
raw signal but provided as engineered descriptors.

At the same time, Random Forest trained using the
top 15 features selected by minimum redundancy
maximum relevance, denoted as RF mRMR 15,
remained competitively strong. This indicates that
redundancy-aware feature selection can preserve a
large proportion of discriminative information when
paired with an appropriate learner, while also reducing
dimensionality and computational cost. The stable
performance of Random Forest under both the full and
reduced feature sets highlights its versatility and
supports its suitability for settings where -either
maximum accuracy or a compact feature set is required.

The Support Vector Machine results showed
notable sensitivity to feature dimensionality. Under the
full feature set, SVM produced lower performance
compared to configurations using reduced subsets
selected by mRMR or F-test, which is consistent with
the well-documented challenge of margin estimation in
high-dimensional spaces where training samples are
limited relative to feature count. The choice of kernel
function and regularization parameter C are
particularly important for SVM performance and

should be carefully tuned for each feature
configuration. ~K-Nearest Neighbors exhibited
comparable sensitivity, performing more

competitively under mRMR-reduced feature subsets
where the non-redundant feature space supports more
meaningful distance-based similarity computations.
However, KNN was consistently outperformed by
Random Forest across all configurations, likely due to
KNN's susceptibility to irrelevant or overlapping
features and its reliance on local neighborhood
structures that may not generalize well in multi-class
EEG emotion classification. These findings underline
the importance of aligning feature selection strategy
with the strengths and limitations of each classifier.

A broader comparison with prior work is
summarized in Table 1, which reports recent studies on
EEG-based emotion classification. Many prior
approaches report moderate performance ranges and
often focus on binary labeling or limited evaluation
metrics. In contrast, the approach presented in this study
achieves high three-class performance with strong
discrimination measured by AUC and complementary
reporting using precision, recall, and F1-score,
providing a more complete assessment of classification
behavior across emotion categories. This comparison
supports the view that robust ensemble-based learning
combined with well-chosen features can yield strong
results even without end-to-end deep architectures.

Compared with previous studies summarized in
Table 1, the proposed approach demonstrates several
important advantages. First, this study evaluates a
comprehensive combination of classifiers and feature
selection strategies within a unified experimental
framework consisting of 28 different scenarios,

enabling a more systematic analysis of classifier—
feature compatibility than most prior works, which
commonly focus on a single model or limited feature
configuration. Second, unlike studies that primarily
emphasize binary emotion recognition, this work
addresses a more challenging three-class classification
problem involving positive, neutral, and negative
emotional states while still achieving very high-
performance metrics.

Another important advantage lies in the integration
of redundancy-aware feature selection using mRMR
combined with F-test evaluation. This approach not
only reduces dimensionality but also preserves
discriminative information effectively, as demonstrated
by the strong performance of RF mRMR 15 despite
using a substantially smaller feature subset. In
comparison, several previous studies relied on larger
feature spaces, deep architectures with higher
computational requirements, or transformation-based
reduction techniques that may reduce interpretability.

Furthermore, the proposed framework provides
strong classification performance without requiring
computationally expensive end-to-end deep learning
architectures. The Random Forest model using the
complete feature set achieved 99.53% accuracy and
0.9994 AUC for neutral emotion classification,
outperforming or remaining competitive with many
recent studies summarized in Table 1. These findings
suggest that carefully optimized machine learning
pipelines combined with effective feature selection
strategies can achieve highly robust EEG emotion
recognition while maintaining lower computational
complexity and better interpretability.

The findings emphasize the importance of
compatibility between the classifier and the selected
feature representation. Feature selection can improve
interpretability and efficiency, but its benefits depend
on whether the classifier can effectively exploit the
remaining information after dimensionality reduction.
For high-resource scenarios, RF ALL provides the
strongest option, whereas reduced-feature
configurations such as RF mRMR 15 offer practical
alternatives for resource-constrained deployment.
Future work could investigate hybrid selection
strategies, richer temporal and spectral representations,
and models tailored for low-dimensional inputs, as well
as validation on larger and more diverse datasets to
improve generalizability and robustness.

Several limitations of this study merit
acknowledgment. First, the EEG dataset was collected
from only two participants using a consumer-grade
Muse headband with four electrodes, which limits
generalizability to broader populations and diverse
acquisition settings. The small participant count and
limited electrode coverage may not capture the full
spatial distribution of emotion-related neural dynamics
accessible through clinical-grade high-density EEG
systems. Second, emotion elicitation relied on
audiovisual stimuli with individually variable
emotional responses, introducing subjectivity in label
quality. Third, all classifiers were trained and
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evaluated within a single-dataset framework without
cross-dataset validation, meaning transferability of
findings to different EEG protocols or emotional
paradigms remains untested. Fourth, the use of pre-
extracted engineered features rather than end-to-end
deep learning pipelines may constrain the ceiling of
achievable performance. Future studies should address
these limitations through larger and more diverse
participant cohorts, higher-density EEG systems,
cross-dataset generalization experiments, and deep
learning architectures that can learn directly from raw
EEG signals.

VI. CONCLUSION

This study examined how classifier choice and
feature dimensionality influence EEG-based emotion
recognition in a multi-class setting. Across the tested
configurations, Random Forest trained using the full
feature set consistently delivered the strongest
performance for all emotion categories, achieving high
accuracy and AUC values that exceeded those reported
in several earlier studies. These findings indicate that
ensemble learning methods can effectively exploit rich
EEG feature representations and remain robust in high-
dimensional feature spaces. Feature selection using the
F-test and minimum redundancy maximum relevance
substantially reduced the input dimensionality;
however, the resulting impact on performance varied
depending on the classifier. In particular, the Random
Forest model using 15 mRMR-selected features
maintained competitive accuracy and discrimination
performance while using a significantly smaller feature
subset, demonstrating that redundancy-aware feature
selection can preserve important class-related
information while improving computational efficiency.
Nevertheless, the results also indicate that
dimensionality reduction does not always guarantee
superior classification performance, since the highest
overall performance in this study was still achieved
using the complete feature set.

In contrast, Neural Network models were more
sensitive to feature reduction, particularly for the
positive emotion class, suggesting that aggressive
dimensionality reduction may remove informative
feature interactions required to construct stable decision
boundaries. Overall, these findings emphasize that EEG
emotion recognition performance is influenced not only
by the classifier or feature selection method
individually, but also by the compatibility between the
learning model and the selected feature representation.
Random Forest appears particularly suitable for
scenarios where classification accuracy is prioritized
and computational resources allow the use of high-
dimensional  features, whereas reduced-feature
configurations may provide practical advantages for
real-time or resource-constrained implementations.
This study also has several limitations, including the
limited number of participants and the reliance on pre-
extracted features from a public dataset, which may
affect generalizability and restrict direct control over
EEG preprocessing procedures. Future research should
therefore investigate adaptive or hybrid feature

selection approaches, more advanced deep learning
architectures  tailored to  compact  feature
representations, and broader validation using larger and
more diverse EEG datasets.
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Abstract— Rapid advancements in information
technology are driving organizations to improve
operational integration and business performance

through enterprise systems and process automation. PT
Profito Inovasi Kreatif is a B2B distribution company
that utilizes ERP, CRM, and cloud-based systems to
support operational activities and distribution
management. However, the company faces several
operational challenges, including declining ERP
performance due to increasing transaction volumes, the
complexity of managing more than 6,000 product SKUs,
manual distribution planning and delivery coordination,
and limited integration among operational systems.
These challenges affect operational scalability, inventory
coordination, and real-time decision-making. This study
aims to design an enterprise architecture using the
TOGAF ADM framework to support digital
transformation and operational optimization. A
qualitative case study approach was employed through
semi-structured interviews, operational data analysis,
and system documentation reviews. The analysis covered
business, data, application, and technology architectures
using as-is and to-be models to identify operational gaps
and integration requirements. The proposed enterprise
architecture includes ERP  Develop Internal,
Transportation Management System (TMS) integration
for automated routing, API-based system integration,
and centralized dashboard monitoring to improve
operational coordination. The resulting architecture
provides a structured blueprint for enhancing system
integration, operational scalability, and data-driven
decision-making, thereby supporting the company’s
digital transformation and long-term business growth.

Index Terms— Enterprise Architecture; TOGAF ADM;
Digital Transformation; ERP; System Integration;
Transportation Management System (TMS)

I. INTRODUCTION

Digital transformation is an essential strategic
option for organizations that are looking to improve
operational efficiency, business agility, and the
competitive advantage of their firms in dynamic
business environments [1]. Enterprise architecture
(EA) facilitates alignment between business processes
and information technology by integrating the
management of systems, data, applications, and
technology infrastructure [2]. With proper Enterprise
Architecture planning, organizations can integrate
systems, streamline  operations, and support
sustainable digital transformation initiatives [3].

PT Profito Inovasi Kreatif is a growing B2B
distribution company specializing in industrial
materials, interior products, and furniture. The
company has implemented several technologies,
including Accurate ERP, CRM, AWS cloud services,
dashboard technology and GPS device-based delivery
tracking. Nonetheless, operational issues remain in
manual distribution planning, performance
degradation of ERP with increasing transaction
volumes, and managing more than 6,000 product types
(SKUs). Such scenarios reduce productivity and create
challenges in managing scalable, cohesive business
processes.

In this study digital transformation refers to the
digitalization of distribution business processes
through ERP integration, SKU data management, and
TMS-based routing automation to enhance operational
efficiency. TOGAF ADM was chosen because it offers
a systematic and adaptable method for organizing
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business processes, information systems, data, and
technology infrastructure within complex
organizational settings [4]. By using TOGAF ADM,
organizations can create an enterprise architecture
framework that facilitates business process integration
and digital transformation efforts [5].

This research aims to design an Enterprise
Architecture using the TOGAF ADM Framework for
PT Profito Inovasi Kreatif to support digital
transformation and improve operational efficiency in
distribution operations.

1L LITERATURE STUDY

A. THEORETICAL FRAMEWORK

Enterprise Architecture (EA) is a structured
approach to linking business processes and
information systems to an organization's overall
objectives. EA helps improve organizational efficiency
and effectiveness by providing a high-level overview
of the relationships among business strategy,
enterprise-level  information systems, and IT
infrastructure [6]. In addition, EA eliminates
redundancy, integrates information systems, and
assists strategic decision-making [7]. EA also enables
organizations to conduct a gap analysis from the "as-
is" to the "to-be" and to design better systems [8].
TOGAF (The Open Group Architecture Framework) is
one of the most popular frameworks for Enterprise
Architecture design. The Architecture Development
Method (ADM) within TOGAF is designed to help
businesses integrate business demands and information
technology across the organization. The method
consists of several interconnected phases that build on
each other to ensure the architecture meets the
organization's needs and supports business processes.
TOGAF ADM also supports sustainable enterprise
architecture development and improves efficiency in
system development and change management [6].

B.  Previous Research

TOGAF ADM has been widely applied in
government services [9], healthcare [10], and retail and
industrial sectors [11], [12] to support system
integration and business process optimization. In the
context of digital transformation, Enterprise
Architecture (EA) plays a crucial role in aligning
business processes, information systems, and cross-
functional data integration through ERP modernization
and integrated system design [13], [14], [15]. In
addition, EA supports operational scalability and
interoperability of information systems to improve

efficiency and data-driven decision making [16], [17].
However, there is still a research gap in Enterprise
Architecture design for B2B distribution companies
with high transaction volumes and SKU complexity.
Limited studies address specific issues such as ERP
performance degradation caused by large transactions
and high data volumes, managing more than 6,000
SKUs, and integration between ERP and
Transportation Management Systems (TMS) to
support automated distribution routing. Therefore, this
study aims to design an enterprise architecture using
TOGAF ADM at PT Profito Inovasi Kreatif to support
digital transformation in distribution operations
through ERP integration, operational scalability, and
process automation.

111 METHODOLOGIES

A. Research Type and Approach

The purpose of this research is to conduct a
descriptive case study with a qualitative approach to
design and analyze information systems and business
processes at PT Profito Inovasi Kreatif, a B2B
distribution company [18]. Interviews, observations,
and analyses of operational documents were conducted
to describe the current state of the company's systems
and business processes. This study uses the TOGAF
ADM framework to model an integrated enterprise
architecture that enables digital transformation through
system integration and operational scalability [8].

B. Data Collection Sources and Techniques
To determine the business process flows,
operational challenges, and information systems used
in the company, data were collected through semi-
structured interviews with the Director of PT Profito
Kreatif [19]. The lasted
approximately 60 minutes and focused on ERP
performance, distribution
processes, system integration challenges, and digital
transformation initiatives. The Director was selected as
the key informant due to direct involvement in strategic

Inovasi interview

inventory management,

and operational decision-making across business
functions. Semi-structured interviews were adopted
because they allow researchers to explore participants’
perspectives while maintaining alignment with the
research objectives [19].

In addition to interviews, secondary operational data
were collected to support and validate the findings.
Transaction records were reviewed to verify the high
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volume of business transactions and the ERP
performance challenges reported during the interview.
Product and SKU data were analyzed to validate the
complexity of inventory management, particularly the
management of more than 6,000 product SKUs.
System documentation was examined to confirm the
existing information systems, application landscape,
and operational workflows, including the use of ERP,
CRM, dashboard systems, and distribution monitoring
systems. Data triangulation was conducted by
comparing interview findings with these operational
records and documents to ensure the consistency,
credibility, and accuracy of the results used as the basis
for the enterprise architecture design.

C. System Analysis Method

System analysis in this research was
conducted to evaluate the condition of information
systems and business processes at PT Profito Inovasi
Kreatif, including the management of more than 6,000
product SKUs with high operational complexity, as
well as the use of the Accurate ERP system, CRM, and
distribution systems. The analysis focused on
operational challenges, ERP performance, process
efficiency, and system integration. The results of the
analysis were used to identify system requirements as
the basis for designing enterprise architecture using the
TOGAF ADM framework [8].

D. System Design Method

Preliminary

A
Architecture
Vision

I

H.
Architecture
Change
Management

B.
Business
Architecture

C.

Systems
Architectures

D.
Technology
Architecture

F
Migration
Planning

E
Opportunities
and

Solutions

Fig. 1. TOGAF ADM Phases

Figure 1 shows the TOGAF ADM phases. This
research implements an Enterprise Architecture (EA)

approach using the TOGAF ADM framework to align
business strategy and technology and produce an
integrated architecture that supports PT Profito Inovasi
Kreatif in its digital transformation [20]. The design
process follows the TOGAF ADM cycle as outlined
below:

1. Preliminary Phase and Architecture Vision.
The purpose is to determine the boundaries
and aims of architecture (ERP, CRM,
website, distribution systems).

2. Business Architecture. Analyzing ordering,
inventory, and distribution processes to
identify existing problems.

3. Information Systems Architecture. Designing
data and application management, including
product data (>6,000 SKUs), customer data,
and transaction data, as well as the integration
of ERP, CRM, and distribution systems to
support real-time data synchronization.

4. Technology Architecture. Determining the
technology infrastructure, such as AWS and
GPS-based monitoring systems.

5. Opportunities & Solutions. Developing
technology solutions, such as ERP-integrated
TMS, that assist in the automation of routing
and delivery coordination.

6. Migration Planning. Planning the system
implementation phases, priorities, and
resource allocation.

7. Implementation Governance. Implementation
of monitoring systems in accordance with
plans, standards and digital transformation
objectives.

8. Architecture Change Management. Handling
changes to keep the system flexible in line
with business needs.

Moreover, Requirements Management is
performed to manage system requirements throughout
the design process, enabling the production of an
integrated architecture as a basis for system
development. The requirements listed are aligned with
the potential solutions via mapping to the operational
problems and system requirements identified during
the analysis step, as shown in Table 1.

TABLE 1. REQUIREMENTS TRACEABILITY
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Problem Identified | Requirement Proposed Solution
ERP  performance | Scalable and | ERP optimization and
decreases due to | integrated integration
large SKU data system
Manual distribution | Automated Transportation
process route Management System
management (TMS)
Data is not fully | Real-time API-based integration
integrated system
integration
Difficulty in | Centralized Dashboard and
monitoring monitoring reporting system
operational data system

IV. RESULTS AND DISCUSSION
A.  Preliminary Phase

The analysis revealed that PT Profito Inovasi Kreatif
has a relatively integrated system. However, several
issues remain, particularly in ERP performance, SKU
data management, distribution planning, inventory
management, and ERP-distribution system integration.
Therefore, this study focuses not only on system
integration but also on improving operational
efficiency, enabling automation, and optimizing
distribution processes. These requirements are
translated into the Architecture Principles presented in
Table 2, which serve as the foundation for the proposed
solutions in the Opportunities and Solutions section.

TABLE 2. ARCHITECTURE PRINCIPLES

No | Architecture Principle Description

Business processes must be

. optimized to improve]
Business Process . . ..
S efficiency in distribution,
. Optimization |
1 Business inventory, and customer
service.
Data-Driven  [Decisions must be based on|
Decision Making |accurate and real-time data.
. [Data must be accurate
D 1 . ’
ata Quality consistent, and relevant.
Data must be integrated|
2 Data Data Integration [across systems (e.g., ERP,

ICRM) to avoid redundancy.

[Data must be available in|

Data Availability | eal-time

Business Process [Systems must automate key]

Automation  [business processes.
3 Application |Applications must support
System Scalability [increased data and transaction|
[volumes.
System Systems must be fast and|
Performance [stable.
Technology must support]

4 Technology | Intelligent System

analytics and optimization.

Infrastructure  [Systems must be secure from|

threats.

Security

B. Architecture Vision

The enterprise architecture design for PT Profito
Inovasi Kreatif was developed in this phase to support
the company in its digital transformation, enhancing
operational efficiency and business competitiveness.
Based on interviews with company representatives, the
company's goal is to be the leading ecosystem solution
provider through technology-driven innovation in the
interior and furniture industry, with a targeted annual
growth of 25%. Currently, the company uses several
information systems, including Accurate ERP and an
internal CRM solution, as well as various dashboards
and AWS infrastructure. Nonetheless, a few concerns
were raised such as declining ERP performance caused
by increasing data volume, manual data analysis
processes, and inefficient distribution processes.
Hence, various strategic initiatives were suggested,
including internal ERP development to improve
scalability and performance, a Transportation
Management System (TMS) for automated route
optimization, enhancements to company websites to
support online transactions, and integration of data
across systems to enable real-time business analytics.

C.  Business Architecture

The Business Architecture phase analyzes the core
business processes of PT Profito Inovasi Kreatif by
identifying the current (as-is) processes and proposing
improvements for the future (to-be) processes, as
shown in Fig. 2.

( Place Order
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I e \
Create Sendto
[Roceh/e Order] {Inpul 10 CRM J »  Quotation } ™ Customer

v

_Customer

Sales

Input to ERP
(Accurate)

|

v
@ ves> Prepare Goods |
N
Goods
Received

Create Sales |_ ves ¥
Order (S0) PP

Sales Support

‘As is business processes

Create
Purchase Order
to Supplier

Purchasing

—
Determine
Route (Manual)

Delivery

Deliver Gmdsw‘-—»‘

Fig. 2. Current (as-is) business processes.

The proposed business process (to-be) is presented,
as shown in Fig. 3.
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Fig. 3. Proposed (to-be) business processes

The proposed business process was designed
based on operational requirements related to ERP
performance, manual distribution processes, and the
complexity of SKU management. Currently, stock
validation and delivery route planning are performed
manually, leading to delays and potential human
errors. The future process integrates ERP and TMS to
support automated stock validation, route generation,
and real-time distribution coordination. In addition,
data synchronization enables real-time processing and
improves operational These
improvements are expected to reduce errors, improve
processes, and support data-driven

coordination.

operational
decision-making.

D. Information Systems Architecture
1. Data Architecture

The Data Architecture phase aims to define the key
data entities required to support the business processes
and proposed system, as shown in Fig. 4.

Customer Dats |
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Quotation B
Data

SalesData 5
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Sales Detail B
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Product Data

Shipment Data

Driver Data Vehicle Data =

RouteData B

" Purchase Data 5 " SupplierData = P

Fig. 4. Data Architecture using ArchiMate

The Data Architecture phase identifies key data
objects designed to support the proposed enterprise
architecture, as shown in Fig. 4. These data objects are
derived from the company’s sales, inventory,
purchasing, and distribution processes. Product and
sales data support SKU and transaction management,
while shipment, route, driver, vehicle, and location
data support distribution planning and automated
routing. The proposed architecture supports ERP,
CRM, and TMS integration to reduce manual
processes and fragmented data processing. ArchiMate
relationships are used to represent data dependencies
within the distribution process.

2. Application Architecture

The Application Architecture integrates various
applications that support the business processes of PT
Profito Inovasi Kreatif, including ERP, CRM,
dashboard systems, websites, and the Transportation
Management System (TMS). Application architecture
supports information system integration within the
organization [8]. In addition, TOGAF ADM supports
the alignment between business needs, application
integration, and digital transformation initiatives [21].
In this study, digital transformation focuses on
improving distribution operations through ERP
integration, TMS-based routing automation, and real-
time operational monitoring. The analysis compares
the current condition (as-is) with the proposed
condition (to-be), as presented in Table 3.

TABLE 3. COMPARISON OF APPLICATION ARCHITECTURE
(AS-IS AND TO-BE)

Aspect As-Is To-Be

ERP Using Accurate with | Development of an
declining internal ERP to improve
performance due to | performance and
high data volume scalability

CRM Internal CRM for | Further integration with
customer and | ERP to improve
quotation efficiency
management

Website Online ordering with | Development of a new
real-time stock | website to  improve
updates service quality

Dashboard | Used for operational | System enhancement for
data access, analysis | more integrated data
is still manual analysis

Distribution | Manual route | TMS  implementation
planning for automated route
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planning and analysis

As presented in Table 3, the proposed Application
Architecture is developed based on the company’s
distribution business processes, focusing on improving
system integration, operational efficiency, real-time
data synchronization, and automated distribution
coordination. This includes the integration of ERP,
CRM, dashboard, and TMS to support the digital
transformation of distribution operations.

E.  Technology Architecture

The Technology Architecture aims to examine the
infrastructure  that supports the operation of
information systems at PT Profito Inovasi Kreatif.
Table 4 shows the current condition (as-is) and a
proposed condition (to-be), on which this analysis is
based.

TABLE 4. COMPARISON OF TECHNOLOGY
ARCHITECTURE (AS-IS AND TO-BE)

Technology As-Is To-Be

Cloud Server and | Scalable cloud

Computing database infrastructure

(AWS) infrastructure

Database Operational ~ data | Improved data

System storage management and
analysis

API ERP and website | Real-time system

Integration integration integration

GPS Tracking | Vehicle tracking TMS integration

System

Internet and | Network Improved network

WiFi Network | connectivity stability

Google Cloud-based Integrated collaboration

Workspace collaboration system

platform

As presented in Table 4, the existing technology
infrastructure has supported operational activities.
However, challenges remain in system performance,
data processing, and real-time system integration.
Therefore, the proposed Technology Architecture
focuses on optimizing cloud infrastructure, improving
database management, and implementing API-based
integration to support real-time integration between the
internal ERP system and the Transportation
Management System (TMS).

F.  Opportunities and Solutions

During the Opportunities and Solutions
phase, several initiatives are proposed, including
the implementation of a Transportation
Management System (TMS) for automated
routing, the development of an internal Enterprise
Resource Planning (ERP) system to improve
scalability and system performance, and API-
based integration to support cross-functional data
exchange. These initiatives aim to enhance
operational efficiency, reduce manual data
processing, and support the digital transformation
of distribution operations. The development of an
internal ERP was selected because the company
requires greater flexibility to manage more than
6,000 product SKUs, increasing transaction
volumes and future integration requirements.
Although upgrading the existing ERP could
improve performance, it would provide limited
customization and scalability for long-term
business needs, particularly in supporting the
integration of ERP, CRM, TMS, and other
operational systems. Therefore, an in-house ERP
solution was considered more suitable to
accommodate the company’s specific operational
requirements and long-term digital transformation
Strategy.

Moreover, the proposed architecture was
reviewed by a lecturer with expertise in Enterprise
Architecture and TOGAF ADM. The validation
process focused on assessing the alignment
between business requirements and the proposed
architecture, the consistency of architectural
components across TOGAF ADM phases, the
feasibility of implementation within the
company’s operational environment, and the
ability of the architecture to support future
scalability and system integration. Feedback and
recommendations obtained during the review
process were incorporated into the final
architecture design. Based on the evaluation, the
proposed architecture was considered appropriate
for supporting the company’s operational
requirements and  digital  transformation
objectives.

G. Migration Planning

During the system implementation planning
phase, as presented in Table 5, each step is planned
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based on priority, aligned with the company's business
and operational needs.

TABLE 5. MIGRATION PLANNING ROADMAP

Phase Implementatio Objective Priority
n Focus
Phase | | Internal ~ ERP | Improve ERP system | High
Development scalability and
performance
Phase 2 | TMS Support automated | High
Implementation | route planning and
distribution
coordination
Phase 3 | System Data | Support  real-time | Medium
Integration data synchronization
across systems
Phase 4 | Website Improve  customer | Medium
Enhancement service and support
online transactions
Phase 5 | Dashboard Support more | Low
Optimization integrated and real-
time business
analytics

Table 5 shows that priorities are established based
on the urgency of the items, the impact on business
processes, and dependencies between systems. The
creation of an in-house ERP and a Transportation
Management System (TMS) are considered high
priorities because they are directly related to ERP
performance issues and manual distribution processes.
Furthermore, system data integration is carried out to
support real-time data synchronization, while website
enhancement and dashboard optimization are focused

on improving service quality and data analysis.

H. Implementation Governance

In this phase, architecture implementation is
carried out in a controlled manner to ensure alignment
between the proposed architecture and the company’s
business objectives. Using the TOGAF ADM
approach, the implementation process is managed in a
structured manner to support business needs and
information technology development. The
implementation includes the development of an
internal ERP system, Transportation Management
System (TMS), website enhancement, and system data
integration. The governance process involves
management evaluation, system testing, quality
assurance, and periodic reviews to ensure that the

implemented architecture remains aligned with
operational needs and business objectives.

V. CONCLUSION

This research generates an enterprise
architecture design based on TOGAF ADM
framework to accommodate the digital transformation
needs of PT Profito Inovasi Kreatif through the
alignment between business processes and information
technology. Through interviews and analysis of the
current system, several key problems were identified,
including declining ERP performance, manual data
processing, and inefficient distribution processes.

The architecture is developed and includes the
development of an internal ERP system to support
scalability and performance, the implementation of a
Transportation Management System (TMS) for
automated route optimization, and improved system
integration to support real-time data processing. The
implementation of this architecture is expected to
improve operational efficiency, reduce manual
processing errors, and support data-driven decision-
making.

Overall, the proposed enterprise architecture
provides a structured and integrated blueprint as a
reference for system development and digital
transformation initiatives at PT Profito Inovasi Kreatif.
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Abstract—Mental  health  disorders, particularly
depression, remain a major public health concern, while
early risk identification outside clinical settings continues
to pose significant challenges. The increasing availability
of survey-based mental health data provides
opportunities for data-driven risk screening, yet effective
modeling strategies and evaluation practices remain
underexplored. This study presents a comparative
evaluation of multiple machine learning algorithms for
depression risk classification using a publicly available
mental health survey dataset. Rather than predicting
clinical depression, the target variable is formulated as a
risk proxy derived from social weakness indicators to
support screening-oriented analysis. A quantitative
experimental framework is employed to compare
Logistic Regression, Random Forest, Support Vector
Machine, and Extreme Gradient Boosting under
consistent preprocessing and data partitioning
conditions. Model performance is evaluated using
complementary metrics, including accuracy, recall for
High-risk cases, and the area under the receiver
operating characteristic curve (ROC-AUC). Threshold
optimization based on ROC analysis is applied to align
model outputs with screening objectives that prioritize
sensitivity. The results demonstrate that Logistic
Regression and Support Vector Machine consistently
achieve superior or comparable performance across all
evaluation dimensions, including high overall accuracy,
near-perfect sensitivity for High-risk detection, and
strong discriminative capability. In contrast, more
complex ensemble and distance-based models show
mixed outcomes, indicating diminishing performance
gains from increased algorithmic complexity. These
findings highlight that simple and interpretable models
can effectively support depression risk screening using
survey-based data, offering a practical balance between
predictive performance, transparency, and
computational efficiency.

Index Terms—Depression Risk Classification;
Machine Learning; Mental Health Screening; Risk
Proxy; Survey-based Data

I.  INTRODUCTION

Mental health disorders, particularly depression and
closely related conditions, remain a significant global

health challenge due to their persistent effects on
emotional well-being, social functioning, and daily
productivity [1],[2],[3]. Depression is associated not
only with clinical impairment but also with broader
social and economic consequences that often extend
beyond the healthcare system [4],[5],[6]. Despite
increased awareness, a substantial proportion of
individuals experiencing depressive symptoms remain
undetected, especially outside formal clinical
environments [7],[8]. In recent years, large-scale
survey-based mental health datasets have become
increasingly available, enabling population-level
analysis of psychological well-being and related risk
factors [9],[10]. Such datasets provide an opportunity to
explore early indicators of depression risk using self-
reported behavioral and psychosocial attributes,
particularly in contexts where clinical data are limited
or unavailable [11],[12]. However, survey-based data
are inherently heterogeneous and subjective, requiring
analytical approaches capable of handling noisy and
high-dimensional feature spaces [13].

Machine learning techniques have been widely
adopted to address these challenges due to their ability
to model complex, non-linear relationships among
multiple variables [14],[15]. Compared to conventional
statistical approaches, machine learning models can
accommodate categorical attributes, capture interaction
effects, and scale efficiently to larger datasets [16],[17].
Nevertheless, these models are not intended to replace
clinical diagnosis, but rather to support exploratory
analysis and early-stage risk screening within data-
driven mental health research [18],[19]. Although
numerous studies have applied machine learning to
depression-related datasets, many focus on a single
algorithm or rely primarily on accuracy as the sole
evaluation metric. In imbalanced or perception-based
datasets, such practices may obscure important
performance trade-offs, as misclassification of high-
risk individuals carries greater implications than overall
correctness [20],[21]. Therefore, a more comprehensive
evaluation framework that incorporates sensitivity-
oriented and discrimination-based metrics is required to
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properly assess model behavior in mental health
applications.

Different machine learning algorithms exhibit
distinct learning mechanisms and inductive biases,
which may lead to varying predictive performance
when applied to the same dataset [9],[10]. Linear
models such as Logistic Regression offer
interpretability and stability, while kernel-based
methods like Support Vector Machines are effective in
high-dimensional  feature spaces [22],[23],[24].
Ensemble approaches, including Random Forest and
Extreme Gradient Boosting (XGBoost), aim to improve
robustness and generalization by aggregating multiple
weak learners [22],[23]. In this study, a classification
framework is developed using a secondary mental
health survey dataset obtained via Mendeley Data [25].
Rather than predicting clinical depression, the target
variable is formulated as a risk proxy derived from
responses related to social weakness, which has been
associated with psychosocial vulnerability and elevated
depressive tendencies in population-based studies [17].
This proxy-based formulation is adopted to support
methodological comparison and early risk screening,
rather than clinical or diagnostic decision-making [18].

Model performance is evaluated using multiple
complementary metrics to capture different aspects of
predictive behavior [19]. Overall accuracy is reported
to reflect general classification correctness, while recall
is emphasized to assess sensitivity in identifying
potential risk cases, particularly those belonging to the
High-risk group. In addition, the area under the receiver
operating characteristic curve (ROC-AUC) is

Removal of
irrelevant columns

Handling missing
and inconsistent
values

Target variable
construction

employed to evaluate discriminative capability across
varying decision thresholds [20]. To further align
model outputs with screening-oriented objectives,
threshold optimization based on ROC analysis is
applied, prioritizing the reduction of missed High-risk
cases [21]. The primary objective of this study is to
conduct a systematic performance comparison of
Logistic Regression, Random Forest, Support Vector
Machine, and XGBoost under a consistent experimental
framework [9]. By providing a transparent and
reproducible comparative analysis, this study aims to
highlight performance trade-offs among widely used
machine learning algorithms and to contribute
methodological insights for future research in mental
health risk modeling [10].

II.  MATERIAL & METHODS

This methods section describes the study workflow
for depression risk classification using machine
learning, focusing on how the dataset was defined and
analyzed within the chosen study design, how data were
cleaned and transformed into  model-ready
representations, and how the train—test split strategy
was applied to ensure fair and reproducible
comparisons. It then details the machine learning
models evaluated in this performance study, including
their training procedures and key configurations.
Finally, the evaluation metrics are specified to quantify
and compare predictive performance in a consistent
manner across all models.
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Fig. 1. Methodology of the research.
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A. Dataset & Study Design

This study adopts a quantitative experimental
design using a publicly available secondary dataset,
originally titled “The RHMCD-20 Datasets for
Depression and Mental Health Data Analysis with
Machine Learning,” published by Salehin and Amin via
Mendeley Data [25]. The dataset consists of 824
structured survey responses, comprising 12 categorical
predictor variables and one target variable
(Social Weakness). The predictor variables represent
demographic, psychosocial, behavioral, and lifestyle-
related factors associated with mental health conditions,
including Age, Gender, Occupation, Days Indoors,
Growing Stress, Quarantine Frustrations, Changes in
Habits, Mental Health History, Weight Change, Mood
Swings, Coping Struggles, and Work Interest. The
target variable (Social Weakness) consists of three
response categories (Yes, Maybe, and No), with a
distribution of 259 (31.4%), 287 (34.8%), and 278
(33.7%) samples, respectively. Since all predictor
variables are categorical, one-hot encoding was applied
during preprocessing to convert categorical responses
into machine-readable binary representations for model
development. Rather than directly predicting clinical
depression, this study formulates a three-class
depression risk proxy for classification based on the
target variable, as described in the subsequent
preprocessing stage.

B. Data Preprocessing and Representation

Prior to model training, the dataset undergoes a
preprocessing stage to ensure compatibility with
machine learning algorithms and consistency across
experimental procedures. Because this study utilizes
survey-based data and aims to support early risk
screening rather than formal clinical diagnosis, the
target variable is defined as a depression risk proxy
rather than a definitive medical condition. This proxy
was constructed directly from the respondents’ answers
to the Social Weakness attribute, which serves as the
target variable in this study. The Social Weakness
attribute was selected because it reflects respondent’s
perceived psychosocial vulnerability and provides an
interpretable surrogate outcome for comparative
machine learning analysis when clinical diagnostic
labels are unavailable. The original response categories
were mapped into three risk levels: Low-risk (No),
Moderate-risk (Maybe), and High-risk (Yes). This
proxy-based categorization enables comparative
evaluation of machine learning models for early
depression risk screening while avoiding interpretation
as a clinical diagnosis.

Regarding the predictor variables, given the survey-
based nature of the data, they are treated as categorical
attributes reflecting respondents’ discrete choices and
self-reported conditions [26],[27]. These categorical
features are transformed using one-hot encoding, a
common and effective approach for representing
nominal variables in machine learning models
[28],[29],[30]. This technique converts each category

into a binary indicator, allowing models to process
categorical information without imposing artificial
ordinal relationships that may bias learning outcomes
[31],[32],[33]. Such a representation is particularly
appropriate  for survey-based datasets, where
categorical responses do not imply inherent ordering.
For instance, critical survey attributes such as
Growing_Stress consist of responses ('Yes', 'No',
'Maybe'"), Coping_Struggles consist of ("Yes', 'No'), and
Work Interest consist of ("Yes', 'No', 'Maybe'). After
transforming all the categorical variables using one-hot
encoding, the feature space expanded to a total of 39
independent features. Finally, all preprocessing steps
are implemented within a unified processing pipeline to
ensure identical transformations are applied to both
training and testing data, thereby reducing the risk of
data leakage and supporting reproducibility. No feature
scaling or dimensionality reduction is applied, as the
resulting binary-valued features are suitable for direct
use in the selected classification algorithms.

C. Train Test Split Strategy

The analytical workflow began with data ingestion
and risk-proxy target formulation, followed by one-hot
encoding of all categorical features. Regarding the
target variable, the risk proxy formulation yielded a
relatively balanced class distribution: Moderate-risk
(287 samples), Low-risk (278 samples), and High-risk
(259 samples), resulting in a calculated class imbalance
ratio of 1.11. To evaluate model performance under
consistent and reproducible conditions, the dataset is
partitioned into training and testing subsets using an
80:20 split ratio. This proportion is commonly adopted
in supervised learning studies to provide sufficient data
for model training while retaining an independent
subset for unbiased performance evaluation
[34],[35],[36]. Given the presence of class imbalance in
the target variable, stratified sampling is applied during
the splitting process to preserve the original class
distribution across both subsets. This strategy helps
prevent biased evaluation results that may arise when
minority classes are underrepresented in either the
training or testing data [37],[38],[39]. A fixed random
seed is used to ensure reproducibility, and the same data
partition is maintained across all evaluated models. By
applying an identical train—test split for each algorithm,
the comparative analysis reflects differences in model
behavior rather than variations in data allocation [39].

D. Machine Learning Models

This study evaluates six supervised machine
learning algorithms representing complementary
classification paradigms. All models were trained and
evaluated under identical preprocessing and data
partitioning conditions to ensure a fair and consistent
comparison. Logistic Regression (LR), Support Vector
Machine (SVM), Random Forest (RF), Extreme
Gradient Boosting (XGBoost), Naive Bayes (NB), and
K-Nearest Neighbors (KNN) were selected to represent
linear, margin-based, ensemble, probabilistic, and
distance-based learning approaches that are widely
applied in structured tabular data analysis. This
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selection encompasses linear and margin-based models
(LR, SVM) known for stability in high dimensions,
tree-based and boosting ensembles (Random Forest,
XGBoost) recognized for handling complex
interactions, as well as probabilistic and distance-based
baselines (Naive Bayes, KNN).

To ensure reproducibility, all experiments were
implemented using Python 3.10 and the Scikit-learn
library (version 1.2.2). A fixed random seed
(random_state = 42) was applied consistently across all
data partitioning and model initialization steps.
Furthermore, to prevent data leakage and overfitting
during hyperparameter tuning, a Stratified 5-Fold
Cross-Validation approach was utilized on the training
set prior to the final evaluation on the test set. The final
hyperparameter settings for each machine learning
algorithm were determined through the tuning process
and subsequently used for the comparative evaluation.
A summary of the selected hyperparameters is
presented in Table 1.

TABLE L HYPERPARAMETER CONFIGURATION OF THE
EVALUATED MACHINE LEARNING MODELS

Hyperparameter
Configuration
solver = liblinear, C = 1.0,
class weight = balanced
kernel = RBF, C = 1.0,
probability = True,
class weight = balanced
n_estimators = 100,
max_depth = None,
class weight = balanced
learning_rate = 0.1,
max_depth = 6, objective =
multi-softmax
n_neighbors = 5, weights =
uniform, metric = minkowski
alpha = 1.0, binarize = 0.0,
fit_prior = True

Algoritm

Logistic Regression

Support Vector Machine

Random Forest

XGBoost

K-Nearest Neighbors

Naive Bayes

1. Logistic Regression (LR)

Logistic Regression is employed as a linear baseline
classifier due to its interpretability and suitability for
binary risk modeling. The model estimates the
probability of the positive class using a logistic
function applied to a linear combination of input
features [40],[41]:

1
1+ exp(—(WTx + b))

Py =1|x) = 1)
where x denotes the feature vector, w is the weight
vector, and b is the bias term. To mitigate class
imbalance, balanced class weights are applied during
training.

2. Support Vector Machine (SVM)

Support Vector Machine is a margin-based
classifier that seeks an optimal hyperplane maximizing
the separation between classes [23],[42]. The
optimization objective can be expressed as:

migi%llwll2 subjectto y;(w'x; + b) = 1 ?2)
w,

In this study, SVM is configured to produce
probabilistic outputs to support ROC-based evaluation,
and class imbalance is handled using class weighting.

3. Random Forest

Random Forest is an ensemble learning method that
constructs multiple decision trees using bootstrap
sampling and aggregates their predictions to improve
robustness and generalization [43],[44]. The final
prediction is obtained through majority voting:

§ = mode (hy(x), hy(®), ., hy(X)} 3)

where h;(x) denotes the prediction of the ttt-th
decision tree and TTT represents the total number of
trees. Balanced class weighting is employed to address
class imbalance.

4. Extreme Gradient Boosting

XGBoost is a gradient boosting ensemble method
that sequentially builds weak learners to minimize a
regularized objective function, making it effective for
structured tabular data [43],[45]. The objective
function is defined as:

L= zn: 9 + Zﬂ:(fk) “)

i=1 k

with the regularization term:
1 2
Q) =y" + §l||W|| &)

where £(-) denotes the loss function and (+) controls
model complexity. Class imbalance is handled using
the scale _pos weight parameter derived from class
proportions.

5. Additional Baseline Models

To provide a broader comparative context, K-
Nearest Neighbors (KNN) and Bernoulli Naive Bayes
classifiers are included as supplementary baselines.
These models are evaluated using the same
preprocessing pipeline and train-test split to maintain
comparability. Specifically, the K-Nearest Neighbors
(KNN) algorithm was configured with k=5 neighbors
(n_neighbors=5) using the standard Minkowski
distance metric and uniform neighbor weighting.
Meanwhile, the Bernoulli Naive Bayes model was
implemented with additive Laplace smoothing (a =
1.0) and binarization thresholds matching the one-hot
encoded input feature space. The detailed parameter
specifications for all evaluated models are summarized
in Table I.

The overall experimental workflow consisted of
four main stages: dataset preparation and risk proxy
construction, categorical feature encoding through
one-hot encoding, stratified train-test splitting, and
comparative evaluation of six supervised machine
learning algorithms. All models were trained under
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identical preprocessing and data partitioning
conditions and evaluated using accuracy, macro recall,
macro Fl-score, High-risk recall, and ROC-AUC to
ensure a fair and consistent comparison.

III. RESULTS AND DISCUSSIONS

This chapter reports the classification results
obtained from the evaluated machine learning models
and discusses their performance using accuracy, recall,
and ROC-AUC metrics. The analysis focuses on
comparative performance, sensitivity to high-risk cases,
and the relationship between model complexity and
predictive effectiveness.

A. Overall Classification Performance

The overall classification results indicate that the
evaluated models exhibit distinct performance profiles
when applied to survey-based depression risk data.
Figure 2 provides a visual summary of overall
classification performance across the selected models
using accuracy, macro-averaged recall, and macro F1-
score. Logistic Regression and Support Vector Machine
demonstrate the most consistent performance across all
evaluation metrics, achieving the highest accuracy

BN Accuracy
1.0

- Macro Recall

values (0.95) alongside strong macro-averaged recall
and F1-scores. Despite their relatively simple decision
boundaries, both models effectively capture the
dominant patterns embedded in the one-hot encoded
categorical features. This suggests that the underlying
structure of the dataset allows linear or near-linear
classifiers to perform competitively.

Random Forest achieves slightly lower overall
performance, with an accuracy of 0.91 and reduced
macro-averaged recall compared to the linear models.
Although ensemble learning improves robustness by
aggregating multiple decision trees, the observed
performance gain remains limited in this context. The
radar chart in Figure 1 highlights this trade-off, where
Random Forest exhibits a smaller performance area
despite its higher model complexity. Overall, the results
show that increasing algorithmic complexity does not
necessarily translate into superior classification
performance. Instead, simpler and more interpretable
models, such as Logistic Regression and Support
Vector Machine, provide a favorable balance between
predictive accuracy and model stability for depression
risk classification based on survey data.

s Macro Fl-score

0.9

0.81

Score

0.7

0.6

0.5-

LogReg SVM

RandForest

NaiveBayes XGBoost KNN

Fig. 2. Overall classification performance including accuracy, macro recall, and macro F1-score for all evaluated models.

B. Sensitivity to High Risk Cases (Recall)

Sensitivity to high-risk cases is a critical evaluation
aspect in depression risk classification, as false
negatives may delay timely intervention. Therefore,
this subsection focuses on recall for the High-risk class
to assess each model’s ability to correctly identify
individuals with elevated risk. The results provided in
Figure 3 indicate that Support Vector Machine achieves

perfect recall (1.00) for the High-risk class, followed
closely by Logistic Regression (0.96). These findings
suggest that both margin-based and linear classifiers are
highly effective in capturing discriminative patterns
associated with high-risk responses in the survey data.
Their strong performance aligns with the objective of
risk screening, where prioritizing sensitivity over
specificity is often preferred.
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Fig. 3. Sensitivity to high-risk cases for all evaluated models.

Naive Bayes and Decision Tree demonstrate
moderate sensitivity, each achieving a recall of 0.88.
While these models correctly identify a substantial
proportion of high-risk cases, their performance
remains slightly inferior to that of Logistic Regression
and SVM. Random Forest shows a lower recall value
(0.77), indicating that a portion of high-risk instances is
misclassified into adjacent categories, most notably the
Moderate-risk class. In contrast, K-Nearest Neighbors
exhibits the lowest sensitivity (0.31) for high-risk
detection. This substantial drop highlights the
limitations of distance-based classifiers in high-
dimensional, sparse feature spaces generated by one-
hot encoding. Overall, the results emphasize that model
selection plays a crucial role in high-risk screening
tasks, with simpler linear and margin-based approaches
offering superior sensitivity compared to more complex
or distance-dependent methods.

C. Discriminative Ability (ROC-AUC)

Discriminative ability was further examined using
receiver operating characteristic (ROC) analysis for the
High-risk class under a one-vs-rest setting. Unlike
accuracy or recall, ROC-AUC provides a threshold-
independent view of how well a model separates high-
risk instances from the remaining categories across a
continuum of decision thresholds. Overall, the ROC

profiles indicate that Logistic Regression, Support
Vector Machine, and Random Forest achieve near-
perfect discrimination, with AUC values approaching
unity. This suggests that these models consistently
assign higher risk scores to High-risk cases than to Low
or Moderate cases, even when the classification
threshold is varied. The strong separation shown by
these curves supports their suitability for screening-
oriented  applications where robust ranking
performance is desirable.

In comparison, Naive Bayes and Decision Tree
show high but slightly reduced discriminative
performance, indicating minor overlap in score
distributions between High-risk and non—High-risk
observations. The most noticeable performance gap is
observed for K-Nearest Neighbors, which yields a
substantially lower AUC and a ROC curve closer to the
diagonal reference line. This pattern reflects weaker
ranking capability in high-dimensional sparse feature
spaces generated by one-hot encoding, consistent with
its lower sensitivity reported in the previous subsection.
Taken together, the ROC analysis reinforces the earlier
findings on sensitivity: models with linear or margin-
based decision structures provide strong and stable
discrimination for High-risk detection, whereas
distance-based classification is less reliable in this
setting.
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Fig. 4. Combined ROC curves for all evaluated models in detecting the high-risk class.

D. Model Complexity vs Performance

The relationship between model complexity and
classification performance is a key consideration in
practical depression risk assessment. While more
complex algorithms are often expected to yield superior
results, the findings of this study reveal that increased
model complexity does not necessarily lead to
improved performance when applied to survey-based
mental health data. Across all evaluation dimensions
overall performance, sensitivity to High-risk cases, and
discriminative ability Logistic Regression and Support
Vector Machine consistently match or outperform more
complex models, including Random Forest and
XGBoost. In contrast, ensemble-based and distance-
based approaches exhibit mixed outcomes, indicating
diminishing returns from increased structural
complexity.

The superior performance of these simpler, linear,
or margin-based models can be directly attributed to the
characteristics of the preprocessed dataset. Survey data,
which heavily relies on categorical responses, was
transformed using one-hot encoding, inherently
generating a high-dimensional and highly sparse
feature space. In such sparse environments, linear
models and SVMs excel because they can efficiently

identify a global separating hyperplane without being
heavily compromised by the sparsity; their strong
performance suggests that the underlying relationships
within the dataset are sufficiently linear or margin-
separable. Conversely, tree-based ensemble models
rely on greedy, recursive data splitting. When features
are sparse and binary, individual splits yield very low
information gain, making it difficult for tree
architectures to construct robust decision paths, which
often leads to suboptimal generalization. Similarly,
distance-based algorithms like K-Nearest Neighbors
show notable performance degradation and suffer
significantly from the 'curse of dimensionality' in this
one-hot encoded space, as the Euclidean distance
between sparse binary vectors becomes uniform and
loses its discriminative power. Thus, the inherent
linearity of the transformed categorical data makes
simpler models structurally better suited for this
specific dataset.

From a practical perspective, the results emphasize
the advantages of simpler and more interpretable
models for depression risk screening. Models such as
Logistic Regression and Support Vector Machine not
only achieve high predictive accuracy but also offer
greater transparency, ease of deployment, and lower
computational overhead. These characteristics are
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especially important in real-world mental health
applications, where interpretability and reliability are
often as critical as predictive performance.

IV. CONCLUSION

This study presents a comparative evaluation of
multiple machine learning algorithms for depression
risk classification using survey-based mental health
data. Model performance was assessed in terms of
overall accuracy, sensitivity to High-risk cases,
discriminative ability, and the relationship between
model complexity and predictive performance. The
results show that Logistic Regression and Support
Vector Machine consistently outperform or match more
complex models across all evaluation dimensions. Both
approaches achieve high accuracy, strong sensitivity for
High-risk detection, and excellent discriminative
capability, indicating that linear and margin-based
classifiers are sufficient to capture dominant patterns in
categorical mental health survey data. In contrast,
ensemble and distance-based methods demonstrate
mixed performance, with no clear advantage from
increased algorithmic complexity. From a practical
perspective, these findings suggest that simple and
interpretable models provide an effective balance
between performance and usability for depression risk
screening. Although this study is limited by its reliance
on a single self-reported dataset, future work may
explore external validation and alternative feature

representations  to  further  enhance  model
generalizability.
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Abstract—Enterprise Resource Planning (ERP) for
Human Resource Management (HRM) is widely
adopted to improve operational efficiency, data
accuracy, and decision-making. However, successful
implementation depends on organizational readiness.
Previous studies have examined ERP readiness using
various frameworks; however, quantitative ERP HRM
readiness assessments remain limited, few studies

prioritize organizational readiness factors, and
integrated pre-implementation frameworks combining
readiness assessment, implementation

recommendations, roadmaps, and risk mitigation are
still lacking. Therefore, this study proposes an
integrated ERP HRM readiness assessment framework
based on the McKinsey 7S Framework that
quantitatively evaluates organizational readiness,
prioritizes areas for improvement, and translates the
assessment results into implementation
recommendations, a phased ERP implementation
roadmap, and risk mitigation strategies. A mixed-
methods approach was employed through
questionnaires and interviews. Data were collected from
30 employees using 22 indicators measured on a five-
point Likert scale. Validity testing confirmed that all
indicators were valid, and the overall Cronbach’s alpha
of 0.942 indicated excellent reliability. The readiness
assessment showed that all seven dimensions were
classified as Ready, with average scores ranging from
4.51 to 4.62. Structure achieved the highest readiness
score, 4.62, while SKkills achieved the lowest, 4.51.
Interview findings identified challenges related to
manual attendance recording, payroll processing, and
fragmented employee data management. The results
indicate that the organization is ready for ERP HRM
implementation. This study contributes by proposing a
structured ERP HRM readiness assessment framework,
introducing a readiness-factor prioritization approach
across the McKinsey 7S dimensions, and providing an
integrated set of implementation recommendations, a
roadmap, and risk-mitigation strategies.

Index Terms—ERP; Human Resource Management;
McKinsey 7S; Organizational Readiness.

L INTRODUCTION

Enterprise Resource Planning (ERP) for Human
Resource Management has become an important
solution for organizations seeking to manage
employee information, attendance, payroll, and other
HR activities through a single integrated system. By
streamlining administrative processes and providing
accurate, real-time information, ERP can improve
operational efficiency and support better decision-
making [1]. However, successful implementation
depends not only on the technology itself but also on
the organization's readiness to adapt to new processes
and ways of working [2]. Therefore, assessing ERP
readiness is essential for identifying organizational
strengths, potential challenges, and areas for
improvement before implementation begins.

Although ERP offers significant benefits for
Human Resource Management, many organizations
still face challenges. ERP implementation is not easy
to carry out. Around 70% of ERP implementations fail
to achieve the expected results due to various factors
such as a lack of organizational readiness, insufficient
training, and resistance to change [3]. Organizational
readiness is an important factor that must be
considered before ERP implementation, because,
without adequate readiness, the implemented system
will not function optimally [4].

Furthermore, the organization currently faces
several challenges in managing its human resources.
Employee attendance is still recorded manually,
increasing the risk of data inaccuracies and
administrative inefficiencies [5]. Payroll calculations
rely on manual attendance recaps, making them time-
consuming and error-prone. In addition, employee
information is not fully integrated into a centralized
system [6], limiting data accessibility and
complicating monitoring and reporting. These issues
can reduce operational efficiency and hinder timely
decision-making. Therefore, an integrated ERP
solution is needed to streamline HR processes,
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improve data accuracy, and enhance overall

organizational performance.

Previous studies have widely examined ERP
implementation readiness using various frameworks,
such as the McKinsey 7S [4] or Critical Success
Factors [7]. However, many studies focus on ERP
implementation in general business functions and
place greater emphasis on technological and
operational aspects. Several studies have specifically
investigated organizational readiness for ERP
implementation  within the Human Resource
Management function. A Turkish study primarily
examines the relationship between organizational
readiness and technology acceptance variables, and
does not assess ERP readiness from a holistic
organizational perspective using the McKinsey 7S
Framework [8]. While the PT HLM study also
explored ERP HRM readiness using qualitative focus
group discussions and identified key organizational
factors that support implementation, it did not
quantitatively measure the readiness level of each
dimension or determine which factors required the
greatest improvement [4].

Therefore, three research gaps remain. First,
quantitative organizational readiness assessments
specifically for ERP HRM implementation remain
limited. Second, previous studies provide limited
support for prioritizing organizational readiness
factors that require managerial attention before ERP
implementation. Third, existing studies rarely integrate
readiness assessment results with implementation
recommendations, deployment planning, and risk
mitigation into a unified pre-implementation
framework.

To address these gaps, this study proposes a
structured ERP HRM readiness assessment framework
based on the McKinsey 7S model. Unlike previous
studies, the proposed framework not only
quantitatively evaluates organizational readiness but
also prioritizes areas for improvement across the seven
organizational dimensions. Furthermore, it translates
the assessment results into  implementation
recommendations, a phased ERP implementation
roadmap, and risk mitigation strategies within a
unified decision-support framework. The novelty of
this study lies in integrating quantitative readiness
assessment, readiness factor prioritization,
implementation planning, and risk mitigation into a

single framework to support ERP HRM
implementation.
Accordingly, this study aims to assess

organizational readiness for ERP implementation in
the Human Resource Management function using the
McKinsey 7S Framework. By evaluating the
alignment of strategy, structure, systems, style, staff,

skills, and shared values, the study identifies
organizational  strengths, prioritizes areas for
improvement, and  provides implementation

recommendations to support successful ERP HRM
adoption.

II. METHODS

A. Proposed Framework

The proposed ERP HRM Readiness Assessment
Framework is shown in Fig. 1. The framework
consists of four sequential stages: (1) Input, (2)
Readiness Evaluation Model, (3) Readiness Factor
Prioritization, and (4) Practical Implications. It
provides a structured approach for assessing
organizational readiness, identifying improvement
priorities, and generating implementation
recommendations, an ERP roadmap, and risk
mitigation  strategies to support ERP HRM
implementation.

Problem Identification J

Literature Review ]

|

2. READINESS EVALUATION

McKinsey 7S Framework

Data Collection

K Validity & Reliability Testing

Readiness Evaluation

,
\

v

3. READINESS FACTOR PRIORITIZATION

Readiness Profile ‘

Prioritization of Readiness Factors ‘

v
Recommendations ]
m ERP Implementation Roadmap ]
Risk Analysis & Mitigation |

Fig. 1. Proposed ERP HRM Readiness Assessment Framework

J

B.  Input

The research is conducted at RP Company, an
Indonesian Food and Beverage Company. Current
HRM processes rely heavily on manual procedures for
attendance recording, payroll calculation, and
employee  data  management, resulting in
inefficiencies, increased risk of errors, and limited data
integration. These challenges highlight the need for an
ERP system and motivate the assessment of
organizational readiness before implementation. The
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literature review stage involves reviewing prior studies
and theories on ERP, Human Resource Management,
organizational readiness, and the McKinsey 7S
Framework. The purpose is to establish a theoretical
foundation, identify research gaps, and develop
indicators for assessing organizational readiness for
ERP implementation.

C. Readiness Evaluation Model

In this stage, the research instrument was
developed based on the seven dimensions of the
McKinsey 7S Framework, as shown in Fig. 2. The
Framework is a model used to assess whether an
organization is ready for change or improvement
initiatives, such as ERP implementation [9]. It consists
of seven interconnected elements: Strategy (the
organization's plan to achieve its goals), Structure
(how roles and responsibilities are organized),
Systems (the processes and technologies used in daily
operations), Style (leadership and management
approach), Staff (employees within the organization),
Skills (the knowledge and capabilities of employees),
and Shared Values (the core beliefs and culture that
guide organizational behavior). By evaluating these
seven elements together, organizations can identify
their strengths, weaknesses, and areas that need
improvement to ensure a successful ERP
implementation.

Hard S

Soft S

Fig. 2. McKinsey 7S Framework

The McKinsey 7S Framework was selected
because it provides a comprehensive assessment of
organizational readiness by evaluating seven
interconnected elements: Strategy, Structure, Systems,
Style, Staff, Skills, and Shared Values [10]. Unlike
frameworks that focus primarily on technology or
project success factors, McKinsey 7S examines both
hard elements (strategy, structure, and systems) and
soft elements (leadership, people, competencies, and
organizational culture), which are critical for
successful ERP implementation [2]. Since ERP
adoption involves significant organizational change,
this framework is well-suited to identify strengths,

weaknesses, and alignment among organizational
components, thereby providing a holistic view of
readiness before implementation.

"Three steps were taken to ensure the final
questionnaire was based on theoretical explication and
applicable in our study. In Step 1, ERP and
Organizational Readiness indicators were selected
from validated studies identified in the literature. In
Step 2, each indicator was mapped to one of the seven
dimensions of the McKinsey® 7S model (Strategy,
Structure, Systems, Style, Staff, Skills, and Shared
Values) to achieve a comprehensive representation of
organizational readiness constructs and to eliminate
redundant or unrelated indicators. In Step Three,
selected indicators were re-rendered in terms of HRM
processes used in our case organization (i.e., time,
attendance, payroll, employee information) and ERP
adoption. In Step Three, any conceptually similar
indicators were merged into a single item, and
redundant questionnaire items were eliminated. As a
result of this process, we developed an instrument
comprising 22 questionnaire items, as shown in Table
I, that provides an adequate representation of all 7
dimensions of the McKinsey 7S Models and contains
relevant, clear, and appropriate content for assessing
ERP HRM readiness. As the questionnaire was taken
from previously validated tools, no formal expert
opinion was provided about its adaptation.
Nonetheless, the tool used in the readiness evaluation
underwent Pearson Product-Moment Correlation
testing to assess construct validity and Cronbach's
Alpha to assess internal consistency before its
implementation. The questionnaire applies a 5-point
Likert scale [11].

TABLE L. QUESTIONNAIRE INDICATORS

No Code
1 STG1

Questionnaire Item Source
The organization has a clear [4]
HR management strategy that
supports its business objectives.
Current HR strategies [4]
effectively support employee
performance.
Organizational strategies are [4]
aligned with operational
requirements.
The organization has a plan to [12]
develop systems supporting
ERP implementation.
Roles and responsibilities [4]
within the organization are
clearly defined.
Coordination and [4]
communication among
departments are effective.
The organizational structure [4]
supports ERP implementation.
HR procedures and workflows [13]
are well documented.
An integrated ERP system is [13]
perceived to improve work
effectiveness.
Technology is utilized [13]

2 STG2

3 STG3

4 STG4

5 STRI1

6 STR2

7 STR3

8 SYSI

9 SYS2

10 SYS3
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No Code Questionnaire Item Source
effectively in attendance and
payroll processes.

The organization promotes a [14]
supportive work culture.
Management is open to [14]
employee feedback and
suggestions.
Leadership actively supports [14]
organizational change and ERP
adoption.

The organization has sufficient [15]
human resources to support
operations.

Employees perform their [15]
responsibilities effectively.
Employees are ready to adapt [15]
to ERP implementation.
Employee competencies match [14]
job requirements.
Employees understand their [14]
roles and responsibilities well.
Employees are capable of [14]
learning and using ERP
technology.

Employees understand the [4]
organization's core values.
Organizational values [4]
encourage innovation and
change.

Employees are committed to [13]
achieving organizational goals.

11 STY1

12 STY2

13 STY3

14 STA1

15 STA2

16 STA3

17 SKI1

18 SKI2

19 SKI3

20 Sv1

21 SV2

22 SV3

This study employed purposive sampling, a non-
probability sampling technique in which respondents
were selected based on specific criteria relevant to the
research objectives. The sample consisted of 30
employees directly involved in operational and Human
Resource Management (HRM) activities and expected
to be affected by the future ERP implementation. This
technique was chosen because these employees
possess the knowledge and experience necessary to
evaluate organizational readiness, existing HR
processes, and potential challenges associated with
ERP adoption. Therefore, purposive sampling ensured
that the collected data were relevant and capable of
providing meaningful insights into the organization's
readiness for ERP implementation. Since ERP HRM
implementation will directly affect employees’ daily
activities, respondents from various operational
functions were included to assess their perceptions of
organizational readiness, support for change, and
preparedness for ERP implementation. Recent
methodological studies emphasize that there is no
universal minimum sample size for survey research.
Instead, the required sample size depends on the study
design, population size, statistical precision, and
analytical method [15]. Because the organization
consisted of only 32 employees, this study prioritized
maximizing population coverage and obtained
responses from 30 employees (93.75% of the total
population), resulting in near-census coverage and
minimizing the potential for non-response bias.

Instrument quality was evaluated using Pearson
Product-Moment Correlation and Cronbach’s Alpha,
as the objective of this study was an organizational
readiness assessment rather than theory testing or
model development [16]. The product-moment
correlation formula (1) is used for validity testing, in
which an item is considered valid if its correlation
coefficient (r-count) exceeds the critical value (r-table)
[17].

NIxy_ (s (Z¥)
Tey = 75
T J(NIxE = (E)A(NEY? — (Zy)?
(1

Reliability testing was conducted to evaluate the
internal consistency of the questionnaire items using
(2). In this study, a Cronbach's Alpha coefficient
greater than 0.60 was considered to indicate acceptable
reliability [18].

2)

The mean score calculated using (3) from the
dimension assessment determines the readiness level
status. A score of 1.00-2.00 indicates the organization
is not ready; 2.01-3.00 indicates lower readiness;
3.01-4.00 indicates moderate readiness; and 4.01-5.00
indicates the organization is ready for ERP
implementation. These alignment rules provide a
practical basis for measuring an organization's
consistency in guiding ERP system implementation.
The readiness-level classification in this study is
similar to that of Firdaus et al. [18], with minor 203

overlapping scoring intervals and  enhanced
understanding of the readiness levels.
Xd . flﬂ1 Xdi
Mg
3)

D. Readiness Factor Prioritization

A radar chart displays the mean scores for
organizational readiness across the McKinsey 7S
dimensions. According to the 7S framework,
organizational change will be successful only if all
these dimensions are aligned [19]. In this research, the
alignment was measured by the Readiness
Classification Criteria. If the dimensions were
classified as Ready, this would demonstrate strong
alignment throughout the organization. Moderate
alignment exists when more than half of the
dimensions are classified as Ready, and the rest are
classified as Moderate Readiness. Weak alignment
exists when one or more dimensions are classified as
Lower Readiness or Not Ready, and is reflected in
lower readiness scores for those dimensions [20].
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In this study, organizational alignment is assessed
using Readiness factor prioritization, which ranks the
readiness scores of the seven McKinsey 7S
dimensions to determine improvement priorities prior
to ERP HRM implementation. The priority ranking
was established by ordering the mean readiness scores
for each of the McKinsey 7S dimensions from lowest
to highest [21]. Lower scores indicate higher
implementation priority, while higher scores indicate
lower priority due to greater organizational readiness.

The readiness score is calculated by taking the
mean readiness score for each of the 7 McKinsey 7S
Dimensions and ranking them from lowest to highest.
The first three dimensions (lowest scores) were
considered the Improvement Priorities, as they will
require the greatest management attention before the
ERP (HRM Implementation) begins. The medium-
ranked dimension (midpoint) is considered to be in the
Maintain Category and has a satisfactory level of
readiness for ERP implementation; thus, it should
continue to be maintained and monitored. The three
upper-ranked dimensions (highest scores) were
considered to be the Organizational Strength
dimensions and represent the strengths of the
organization that should be maintained during the
implementation of the ERP.

E.  Practical Implication

Recommendations were developed by
systematically translating the readiness assessment
results into improvement actions [22], as shown in
Table II. The recommendation is based on an analysis
of the key findings during data collection.

TABLE II. READINESS CLASSIFICATION AND

RECOMMENDATION TABLE

Score Recommendation

1.00-2.00

ERP implementation should be postponed.

2.01-3.00 Correction: The organization should address
critical gaps identified in the readiness

assessment.

3.01-4.00 Improvement: The organization may begin
ERP  preparation while implementing
targeted improvements in dimensions with

lower readiness scores.

4.01-5.00 Action: The organization is ready to proceed
with ERP implementation. Efforts should
focus on executing a phased implementation

roadmap.

The ERP Implementation Road Map was created
by combining the readiness assessment findings with
the ERP implementation life cycle [23]. First, we
analyzed the readiness and prioritization data to
identify which organizational capabilities required
more management attention. Second, we matched our
prioritized readiness factors to each phase of the ERP
implementation process to determine when each
organizational capability should be addressed. Thirdly,

based on our readiness assessment findings, we broke
down all implementation activities into five phases
(i.e., project preparation, system analysis and design,
development and data preparation, testing and training,
deployment, and finally, post-implementation
evaluation).

Risk analysis was conducted by identifying
potential implementation risks from the organizational
readiness assessment results, interview findings, and
existing organizational conditions [24] The identified
risks were subsequently grouped into six categories:
human  resources, skills, data, technology,
management, and operational risks [3],[13],[15]. Each
risk was then evaluated for its potential impact on ERP
HRM implementation, and appropriate mitigation
strategies were formulated by drawing on ERP
implementation best practices reported in previous
studies.

III. RESULTS AND DISCUSSION

A. Profile of Respondents

Data were collected through interviews and the
distribution of questionnaires. The questionnaires were
distributed to 30 employees involved in operational
and Human Resource Management (HRM) activities.
At the same time, interviews were conducted with key
personnel responsible for HRM and operations to gain
a deeper understanding of the organization's current
conditions and ERP implementation needs. Data were
collected between March 9 and March 16, 2026. Table
IIT  presents the respondents’ profiles. Most
respondents were male (66.7%) and aged 18-30 years
(70.0%). The largest job group was waiters (40.0%),
followed by chefs and bartenders (20.0% each).

TABLE IIL. RESPONDENT’S DEMOGRAPHIC PROFILES
Demograp Composition Frequency Percentage
hic (%)
Profiles
Gender Male 20 66.7

Female 10 333

Age 18-30 21 70.0

31-40 5 16.7

41-50 1 33

51+ 3 10.0

Job Chef 6 20.0

Posisiton Bartender 6 20.0
Cashier and

Administration 2 6.7

Waiter 12 40.0

Cleaning Service 4 13.3

B. Interview Findings

The interview results with the HR Manager
revealed several challenges in the current HRM
processes. Employee attendance is still recorded
manually because the previous fingerprint system is no
longer functioning properly, leading to inefficiencies
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and an increased risk of inaccurate records. Payroll
processing is also performed manually from
attendance recaps, making it time-consuming and
error-prone. In addition, employee information is not
managed in a centralized system, leading to difficulties
with data retrieval, monitoring, reporting, and
decision-making. These findings indicate that the
existing HRM processes are not fully integrated and
highlight the need for an ERP system to improve
operational efficiency, data accuracy, and information
accessibility.

C. Validity and Reliability Testing Results

All questionnaire items were found to be valid, as
shown in Table IV, because their r-count values
exceeded the r-table value of 0.361 (degree of freedom
=28, n =30, a = 0.05, two-tailed). This indicates that
each indicator accurately measures the intended
construct within the McKinsey 7S dimensions.
Therefore, all 22 questionnaire items were deemed
appropriate for assessing organizational readiness for
ERP HRM implementation.

4 Style 0.729 Reliable
5 Staff 0.656 Reliable
6 Skills 0.684 Reliable
7 Shared Values 0.792 Reliable

The reliability test results for all questionnaire
items using Cronbach’s Alpha produced a value of
0.942 across 22 statement items. This value indicates
that the questionnaire instrument has a very high level
of internal consistency. In other words, each statement
in the questionnaire provides stable, closely related
measures of the constructs being assessed. Therefore,
the questionnaire used in this study is highly reliable
and suitable as the basis for subsequent data analysis.

D. Readiness Assessment Results

Higher mean scores reflect greater organizational
preparedness for successful ERP adoption. Table VI
shows the results of the McKinsey 7S Strategic
Readiness Survey with SD = Strongly Disagree, D =
Disagree, N = Neutral, A = Agree, and SA = Strongly
Agree. The results indicate that all McKinsey 7S
factors achieved average scores ranging from 4.51 to
4.62, placing them in the Ready category for ERP

TABLE IV. VALIDITY TEST RESULTS . : . .
implementation. The highest readiness score was
Factor Code r-count | r-table Result observed in the Structure factor (4.62), followed by
Strategy STG1 0.746 0.361 Valid Staff (4.61), Style (4.59), Systems (4.58), Strategy and
Stz | OX7L | 036l Valid Shared Values (4.56), while Skills obtained the lowest
STG3 0.725 0.361 Valid . ’ X
STG4 0912 0361 Valid score (4.51). Overall, the findings suggest that the
Structure STRI 0.687 0.361 Valid organization possesses adequate organizational
STR2 0.835 0.361 Valid structure, management support, systems, employee
STR3 0.926 0.361 Valid readiness, competencies, and shared values to support
Systems SYS1 0.852 0.361 e successful ERP implementation
SYS2 0.875 0.361 Valid P :
SYS3 0.651 0.361 Valid
Style STY1 0.865 0361 Valid TABLE VI. MCKINSEY 7S STRATEGIC READINESS SURVEY
STY2 0.933 0.361 Valid
STY3 0.597 0.361 Valid Code | SD D N A SA Mean Std.
Staff STAI1 0.788 0.361 Valid Dev.
STA2 0.823 0.361 Valid STG1 0 0 3 9 18 4.50 0.682
STA3 0.721 0.361 Valid STG2 0 0 1 8 21 4.67 0.547
Skills SKI1 0.861 0.361 Valid STG3 0 0 1 6 23 4.73 0.521
SKI2 0.595 0.361 Valid STG4 0 3 2 7 18 4.33 0.994
SKI13 0.902 0.361 Valid Average Score and Status 4.56 Ready
Shared SV1 0.870 0.361 Valid Code | SD D N A SA Mean Std.
Values SV2 0.870 0.361 Valid Dev.
SV3 0.805 0.361 Valid STRL | 0 | 0 | O 8 | 22 4.73 0.450
STR2 0 0 3 9 18 4.50 0.682
STR3 0 0 0 11 19 4.63 0.490
All McKinsey 7S dimensions achieved Cronbach's Average Score and Status 4.62 Ready
Alpha values greater than 0.60 as shown in Table V, Code | SD | D | N | A | SA | Mean Std'
. . . . . . . ev.
1ndlc.at1ng that th§ questionnaire 1tems. are internally svsi T o ] 3 =T 19 YWy 0819
consistent and reliable. Therefore, the instrument can SYs2 | o 1 1 0 1 18 450 0.731
be  considered dependable  for  measuring sys3 | o] o] o] 7 ]23 4.77 0.430
organizational  readiness for  ERP HRM Average Score and Status 4.58 Ready
implementation. Code | SD | D N A | SA Mean IS)td.
€V.
STY1 0 0 3 7 20 4.57 0.679
TABLE V. RELIABILITY TEST RESULTS STy2 | 0 | 0 | 1 | 12 ] 17 | 453 0.571
_ STY3 | 0 | 0 [ 0 [10 [ 20 [ 467 0.479
No Factor Cronbach's Reliability Average Score and Status 459 Ready
Alpha Level Code [SD| D [ N | A [ SA | Mean Std.
1 Strategy 0.809 Reliable Dev.
Structure 0.733 Reliable STA1 0 3 0 9 18 450 0.682
3 Systems 0.703 Reliable
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STA2 0 0 1 11 18 4.57 0.568
STA3 0 0 0 7 23 4.77 0.430
Average Score and Status 4.61 Ready
Code | SD | D N A | SA | Mean Std.
Dev.
SKI1 0 0 2 11 17 4.50 0.630
SKI2 0 0 0 9 21 4.70 0.466
SKI3 0 3 2 7 18 433 0.994
Average Score and Status 4.51 Ready
Code | SD D N A SA Mean Std.
Dev.
SVl 0 0 3 11 16 443 0.679
SV2 0 0 0 11 19 4.63 0.490
SV3 0 0 2 7 21 4.63 0.615
Average Score and Status 4.56 Ready

E. Readiness Profile

Fig. 3 shows a visualization of the Readiness
Profile, where each of the seven McKinsey 7S
dimensions stands with relatively high scores - all
mean scores for all dimensions were between 4.51 and
4.62 on the readiness scale, indicating that the
organizational elements are well aligned to support
ERP HRM implementation.

Structure
4.62
5.00

Skills Staff
4.51 4.61

Shared Values
4.56

Style
4.59

Strategy Systems
4.56 4.58

—@— Mean Score (1 = Strongly Disagree, § = Strongly Agroe)

Fig. 3. McKinsey 7S Readiness Assessment Score Radar Chart

F. Prioritization of Readiness Factors

The readiness factors were ranked in ascending
order by their mean readiness scores. Lower scores
reflect higher priority for improvement. Skills were the
highest priority (4.51). The next priorities were
Strategy and shared values (4.56), Systems (4.58),
Style (4.59), and Staff (4.61), and the lowest priority
was Structure (4.62). All six dimensions were
classified as Ready. The results for the Prioritization
of Readiness Factors are shown in Table VIL
Although all dimensions were classified as Ready, the
ranking represents a relative comparison rather than a
measure of poor performance. Lower-ranked
dimensions are prioritized because they have relatively
lower readiness than the others, while higher-ranked
dimensions represent strengths to be maintained. This
enables management to focus improvement efforts
without overlooking the organization's overall high
level of readiness.

TABLE VIIL PRIORITIZATION OF READINESS FACTORS
Rank | Dimension Score Category

1 Skills 451 Improvement Priority

2 Strategy 4.56 Improvement Priority

2 Shared Values | 4.56 Improvement Priority

4 Systems 4.58 Maintain

5 Style 4.59 Organizational Strength

6 Staff 4.61 Organizational Strength

7 Structure 4.62 Organizational Strength

G. Recommendation

Recommendations developed from the findings of
this evaluation focused solely on the Improvement
Priority and Maintain dimensions of the 7S model, as
they offer the greatest potential to enhance the
organisation’s preparedness for the ERP HRMS
implementation, as shown in Table VIII. While the
results show that all sub-dimensions are in the
"Ready" state, the lower-Importance sub-dimensions
should receive more managerial time than the
"Maintain" sub-dimensions, which should receive
constant monitoring. Both Organisational Strengths
should be maintained and used to support a successful
ERP HRMS Implementation, and should not be
improved further. ERP and IT training will equip
employees with the skills needed to perform their jobs;
phased implementation will enable organizations to
align ERP with their organizational goals; cultural
reinforcement will foster collaboration and adoption of
new technology; and the development of an integrated
HRM system will replace fragmented, manual
processes. The goal of the recommendations provided
here is to increase organizational readiness, reduce
implementation risks, and support the successful
implementation of ERP HRM.

TABLE VIIL RECOMMENDATIONS BASED ON PRIORITIZATION
OF READINESS FACTORS

Factor Key Findings Recommendations

Skills ERP implementation Improve employee
requires employees capabilities through ERP
with adequate ERP and | training and strengthen
IT competencies. basic information

technology
competencies.

Strategy | A clear ERP Develop a phased ERP
implementation implementation plan
strategy is required to based on operational
support operational needs.
efficiency and future
business growth.

Shared Successful ERP Build a work culture that

Values implementation reinforces discipline,
requires a culture that responsibility,
supports technology teamwork, and
adoption, collaboration, | technology adoption.
and organizational
commitment.

Systems | ERP implementation Develop an integrated
requires integrating HR | HRM system covering
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processes to replace attendance, employee
fragmented manual data, payroll, and
procedures. scheduling, supported by
an adequate IT
infrastructure.
H. Roadmap

The roadmap, as shown in Table IX, indicates
when these competencies are developed throughout
the life cycle of an ERP system. Strategic direction
and organizational commitment are set during project
preparation; business process alignment occurs during
the analysis and design phase; System Configuration
& Data Quality is achieved through development and
Data Preparation; and User Competency is developed
through testing and training. Deployment is focused on
System  Adoption, and Post Implementation
Evaluation is focused on Continuous Improvement.
Therefore, the road map translates the readiness
assessment into an actionable implementation plan,
helping organizations reduce implementation risks and
increase their chances of successfully adopting ERP
HRM. The proposed six-month timeline is intended as
a practical reference rather than a fixed schedule. It
represents a typical duration for completing the major
ERP HRM implementation phases in a small- to
medium-sized organization. The actual timeline may
be adjusted according to organizational size, project

Phase Activities Expected Timeline
Output

system and system.

monitor system

performance.
Evaluation and | Evaluate Performance Month
Continuous implementation | evaluation 6
Improvement outcomes and report.

address

identified

issues.

As shown in Table X, the ERP implementation risk
analysis identified six major risk categories: human
resources, skills, data, technology, management, and
operational risks. The most critical concerns include
employee resistance, limited ERP knowledge, data
migration issues, and system integration challenges.
To minimize these risks, the company should
implement change management initiatives, provide
training and technical support, perform data validation
and system testing, ensure continuous management
commitment, and adopt a phased deployment strategy.
These mitigation actions can improve the likelihood of
a successful ERP HRM implementation.

Each identified risk will have at least one related
organizational capability required for the successful
implementation of the ERP HRM system. The risk of
human resources and skills has been found to be

scope, resource availability, and implementation critical, since your workforce's acceptance of the new
complexity. system and their ability to use it are vital to ensuring
the successful implementation and use of your
TABLEIX.  ERP HRM IMPLEMENTATION ROADMAP organization’s system. Th@ data and technology r.isks
m T - — stem from common technical problems organizations
ase ctivities Ofll:;fltted meline | frequently encounter during data migration, system
Preparation Establish an Project charter Month lr.ltegraFlon? and EBP deployment. Th‘e managemept
ERP project and 1 risks highlight the importance of sustained leadership
team, define implementation commitment throughout implementation, while the
t:;zgéojjlc;cate plan. operational risks reflect the potential for temporary
the budget, and disrupf[ions in business operations as organizations
communicate transition from manual processes to an ERP-based
the project system. Finally, for each identified risk, we propose a
S X?Zlmz\éels-iR T o risk mitigation strategy that organizations can use to
A}rllalysis and busin};ss process 5 reduce its potential negatiye c?ffects anq ipcrea.se th;ir
Design processes, mapping and chance. The purpose of this risk analysis is to identify
define system | system design. potential implementation risks and propose mitigation
;i%u:oe;rf‘le':rse strategies based on the readiness assessment results,
ERP HR]\%[ rat.her than to quantitatively prioritizs: project risks
modules. using formal risk assessment techniques such as
Development System Configured Month FMEA or Risk Matrix. The benefits of a successful
and Data customization, | ERP system 3 ERP HRM implementation.
Preparation employee data and validated
cleansing, and master data.
data migration TABLE X. ERP IMPLEMENTATION RISK ANALYSIS
preparation.
Testing and Conduct Tested the Month Risk Potential Impact Mitigation
Training system testing, | system and 4 Category Risk Strategy
User trained users. Human Employee Delayed Conduct
Acceptance Resources resistance to | adoption and change
Testing (UAT), new work reduced system | management
and employee processes. utilization. and user
training. training
Go-Live and Deploy the Operational Month programs.
Implementation | ERP HRM ERP HRM 5
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Risk Potential Impact Mitigation McKinsey 7s as they relate to how ready the
Category | Risk Strategy organization is for an ERP, because it includes the
Skills Limited User errors and | Provide ERP quantitative measurement of the readiness, the
ERP inefficient training and N .
knowledge | systemusage. | technical prioritization of the ' readiness factors,
among support. recommendations for how to implement, a roadmap
employees. for implementing an ERP, and risk analysis and
Data Incomplete | Data Perform data mitigation, all in one framework. By having all of
or inconsistency validation and these within one framework, organizations can not
inaccurate | and reporting | datacleansing | 1y determine what their level of readiness is, but
employee issues. before . . ..
data during migration. glso know what their areas of higher priority are to
migration. improve, and they can convert the results of the
Technology | System Operational Conduct readiness assessment into the actual steps to
integration disruption and comprehensive implement the ERP system.
issues. data system testing
synchronization | before go-live.
problems. TABLEXI.  COMPARISON WITH OTHER FRAMEWORKS
Management | Lack of Reduced Establish
continuous project regular project Capability Masfi Cahayadi This
management | commitment monitoring [25] [4] Study
support. and and executive McKinsey 7S v v v
implementation | sponsorship. framework
delays. Quantitative X X v
Operational | Temporary | Reduced Implement readiness
productivity | operational phased assessment
decline efficiency. deployment Qualitative X v v
during and provide exploration
transition. user Validity & N4 X N4
assistance. reliability testing
Readiness score for X X v
each 7S dimension
Readiness X X V4
1. Discussion prioritization/ranki
. . . ng
Fl.g. 3 shows that all seven dimensions of the Readiness profile v v v,
McKinsey 7S model were rated above 4.50. This — ; v
means that the orgapizatiqn is in a strong  state of e o1 X
readiness on all dimensions and is aligned to T dations
implement the ERP HRM system. Structure had the ERP % X v
highest readiness score (4.62), indicating a clear implementation
delineation of roles and responsibilities, effective Eosdinan
coordination among entities, and a sound ERP . X X v
. . mplementation
organizational structure that serves as a solid ek Al i
foundation for ERP adoption. While the Skills Mitigation

dimension scored the lowest (4.51), employees are still
rated as ready; they have the least competency in using
the systems, and rate the use of information
technology as the lowest priority among all
dimensions. Therefore, the organization will benefit
from implementing a competency-based ERP Training
Program prior to ERP implementation to maximize the
benefits of the strong Structural Readiness for ERP
HRM implementation. The paper's findings align with
prior studies on the organizational aspect of enterprise
resource planning (ERP) readiness. It goes beyond the
scope of prior readiness studies by providing a
quantified measure of organizational ERP readiness
through the readiness score, prioritized readiness
factors with implementation recommendations, and a
single decision framework for wuse as an
implementation roadmap. The proposed research
framework would assess an organization's readiness
and provide management with guidance on which
specific areas to prioritize for improvement before
implementing an ERP system.

The comparison in Table XI shows how this
research builds on the previous studies about

The proposed roadmap for ERP implementation
and the risk mitigation strategies are important in two
ways: they translate the results of the readiness
assessment into actionable implementation items. The
roadmap was systematically derived by mapping the
prioritized  readiness  factors to the ERP
implementation life cycle, while the risk analysis was
developed by integrating the readiness assessment
results, interview findings, and evidence from previous
ERP implementation studies. Therefore, both outputs
are directly grounded in the proposed readiness
assessment framework rather than being developed
independently. While the readiness assessment
identifies an organization's current strengths and areas
for development, the roadmap provides a systematic
sequence of steps that will guide the organization
through each implementation process. Risk mitigation
strategies assist organizations in identifying potential
risks, such as employee resistance, inadequate ERP
competencies, poor data migration, and integration
issues among systems, before these risks negatively
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impact project success. Thus, the suggested
Framework serves as an effective decision-making
tool for managers, enabling them to identify and rank
areas for improvement based on available readiness
scores, allocate resources more efficiently, and prepare
the organization for implementing the ERP HRM
system.

IV. CONCLUSION

This research used the McKinsey 7S model to
determine if the company was prepared to implement
an ERP Human Resource Management system. The
results demonstrated that all seven elements of the
model were deemed to be in a state of Readiness,
indicating an excellent foundation for moving forward
with the creation of an ERP system within the
organization. Of these elements/constructs of the 7S
Model, Structure had the highest Readiness score;
therefore, an organization with well-defined roles,
effective communication, and a clear organizational
chart is in place to support the implementation of ERP
HRM. Although Skills received the lowest Readiness
score of all the elements of the 7S Model, they still
met the criteria for being considered Ready. This
indicates that additional training on the ERP system
and user development programs to enhance staff skills
beyond current levels is likely to contribute to the
overall success of implementing the ERP system and
achieving business objectives.

Additionally, the results suggest that aligning all
seven dimensions of the McKinsey 7S Model creates
an optimal environment for successfully deploying an
ERP HRM system within an organization. Interviews
revealed inefficiencies in employee attendance
tracking, payroll processing, and records management
— all of which required a more integrated HRM
system. Therefore, based on these findings, the
organization is ready to implement the ERP HRM
system with expected improvements in operational
efficiency, data  accuracy, interdepartmental
collaboration, and decision-making capabilities. The
study will also provide the organization with
recommendations on implementing the ERP system,
an ERP implementation roadmap, and ways to
mitigate risks, ensuring the adoption process is
structured for sustainable results.

The study presents three main contributions. The
first contribution is that the study presents a
comprehensive ERP HRM Readiness Assessment
Model developed using the McKinsey 7S Framework
to assist organizations in evaluating their Readiness
prior to implementing an ERP System. The second
contribution of the study introduces a method for
prioritizing  readiness  factors that identifies
organizational strengths and the same seven
dimensions of the McKinsey 7S model, enabling more
effective resource allocation. The third contribution of
the study is that it uses the readiness assessment
results to recommend implementation activities, a
phased implementation plan, and risk mitigation
strategies, thereby providing organizations with a

pragmatic decision-support framework in the pre-
implementation phase.

This study has some shortcomings. It is executed at
a single organization, and the results have therefore
been obtained from a fairly small sample of 30
individuals. As a result, there may be limitations on
the generalizability of the results. In addition, the
study relied exclusively on the McKinsey 7S
Framework to assess readiness for an ERP
implementation, but no  post-implementation
measurement was conducted. Future research should
clearly involve both a larger population and multiple
organizations to establish a much broader basis for
generalization, to explore the use of the McKinsey 7S
Framework in combination with other ERP readiness
frameworks, and to use the proposed framework to
measure the level of readiness for an ERP
implementation during the process of implementing an
ERP system across multiple types of organizations.
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