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ABSTRACT - Tourist revisit intention is influenced by both cognitive evaluations and emotional
experiences; however, existing models typically treat these factors independently and rely on precise
numerical inputs that may not reflect the subjective nature of travel perception. This study develops a
Hybrid Emotion—Satisfaction Fuzzy Inference System (ES-FIS) designed to model such ambiguity
while maintaining interpretability through linguistic rules. The model integrates six structured
satisfaction dimensions from 415 Thai visitors to Japan with affective polarity extracted from 20,491
TripAdvisor reviews via a probabilistic mapping approach. All variables were transformed into fuzzy
linguistic terms and processed using a Mamdani-type inference engine to generate both a continuous
revisit score and categorical outputs. Empirical evaluation indicates that the ES-FIS achieves strong
predictive performance (Accuracy: 0.78, Fl-score: 0.74) with results aligned with ground-truth Likert
ratings (r = 0.71; RMSE = 0.48). Furthermore, PCA-based clustering reveals three distinct cognitive—
affective traveler segments. These findings suggest that combining satisfaction and emotional indicators
provides a more comprehensive representation of revisit intention than relying on either component
alone. The study contributes to an explainable Al (XAI) framework that captures the inherent
imprecision of tourist perception and offers practical value for service personalization and CRM-
oriented segmentation in tourism analytics.

KEY WORDS --Fuzzy inference system, Explainable AlI, Sentiment analysis, Affective signals,
Revisit intention, Tourism analytics, CRM
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become a strategic priority for tourism stakeholders.
Recent studies have highlighted that existing models
of revisit intention remain limited because they treat

1. Introduction

Tourist revisit intention is widely regarded as a critical

indicator of destination loyalty and long-term tourism
sustainability. Repeat visitation not only contributes to
stable revenue streams but also enhances brand
reputation through positive word-of-mouth and
reduces marketing expenditure associated with
attracting  first-time visitors. As international
competition intensifies, understanding the
multifaceted determinants of revisit intention has

rational satisfaction and emotional experience as
separate predictors, despite evidence showing that
tourist behavior is shaped by the interaction of both
cognitive and affective factors [1].

Related Work: Traditional frameworks such as
Ajzen’s Theory of Planned Behavior (TPB) and
Oliver’s Expectation—Confirmation Theory (ECT)
have substantially shaped the understanding of revisit
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intention. TPB posits that intention is driven by
attitudes, subjective norms, and perceived behavioral
control [2], while ECT highlights that satisfaction
arises from the confirmation of prior expectations,
thereby influencing loyalty behaviors [3]. Theory
emphasizes rational cognitive evaluations, while
sentiment-analysis  research ~ demonstrates  that
emotional polarity extracted from user-generated
content  significantly  influences  satisfaction,
destination image, and loyalty behaviors. Moreover,
prior applications of fuzzy logic within tourism
mainly rely on structured survey data and seldom
incorporate unstructured emotional information,
thereby overlooking important affective determinants
of behavioral intention.

With the proliferation of user-generated content
(UGC) on platforms such as TripAdvisor, tourists
increasingly articulate emotions—such as joy,
frustration, disappointment, or trust—through
unsolicited online reviews. These emotional
expressions offer rich behavioral cues that
complement conventional satisfaction metrics. Prior
work in sentiment analysis demonstrates that polarity
and emotional tone extracted from review texts are
strongly associated with satisfaction, destination
image, and loyalty behaviors [4], [5]. However, state-
of-the-art sentiment models, especially deep-learning
architectures, often operate as black-box systems with
limited interpretability, thereby restricting their
practical adoption in tourism management contexts
that require transparent and explainable decision rules.

Fuzzy logic provides a promising solution to this
methodological challenge. By representing human
reasoning through linguistic variables and rule-based
inference, fuzzy systems enable interpretable
modeling of ambiguous or subjective assessments [6].
Existing tourism applications have leveraged fuzzy
logic for hotel evaluation, service-quality assessment,
and loyalty prediction [7], [8]. Nonetheless, most
studies rely exclusively on structured survey data and
rarely integrate affective information derived from
UGC, leaving a notable methodological gap regarding
the combined role of rational satisfaction and
emotional experience.

To bridge this methodological and conceptual
divide, the present study introduces a Hybrid
Emotion- and Satisfaction-Aware Fuzzy Inference
System (ES-FIS). This system rigorously integrates
multi-dimensional structured satisfaction indicators
with affective polarity derived from 20,491
TripAdvisor reviews. This unified framework
combines rational assessments with empirically
grounded emotional cues, enabling the model to
capture the full spectrum of tourist experiences more
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comprehensively than existing approaches [1]. Built
upon an interpretable Mamdani-type structure, the ES-
FIS incorporates a transparent rule base that
synthesizes both cognitive and affective drivers of
revisit intention, thereby overcoming the opacity
associated with conventional machine-learning
models. Through systematic benchmarking, the ES-
FIS demonstrates competitive predictive performance
while preserving interpretability. Moreover, its ability
to classify tourists into meaningful segments
(Unlikely, Possible, and Definite) provides actionable
insights for Customer Relationship Management
(CRM) [1]. In this way, the ES-FIS advances
methodological rigor in revisit-intention prediction
and contributes to a practical, explainable decision-
support tool for tourism researchers and practitioners.

2. Related Work

Research on tourist revisit intention draws upon three
principal domains—behavioral intention theories,
sentiment analysis, and fuzzy logic—based decision
systems—each offering valuable insights yet also
revealing methodological limitations that justify the
development of hybrid, interpretable predictive
models.

Tourist intention has historically been grounded
in cognitive—behavioral frameworks. Ajzen’s Theory
of Planned Behavior (TPB) posits that intention is
shaped by attitudes, subjective norms, and perceived
behavioral control [2], and has been widely adopted to
explain repeat visitation and destination loyalty.
Similarly, Oliver’s Expectation—Confirmation Theory
(ECT) conceptualizes satisfaction as the outcome of
confirmed or disconfirmed expectations, positioning it
as a precursor to loyalty and revisit intention [3].
Although these theories provide essential rational
perspectives, they largely neglect the emotional and
affective states that emerge during travel experiences.
Evidence from contemporary digital platforms shows
that tourists frequently articulate emotions—such as
joy, anger, or disappointment—through online
reviews, suggesting that emotional expression
constitutes an important complementary determinant
of revisit behavior [9].

The rapid expansion of user-generated content
(UGC) has enabled extensive research on sentiment
mining in tourism. Foundational work by Liu [4]
established robust polarity-detection techniques,
while Xiang et al. demonstrated that online reviews
influence travelers’ perceptions of destination quality
and overall decision-making [5]. Empirical findings
consistently show that sentiment of polarity and
emotional tone correlate strongly with satisfaction,
loyalty, and willingness to recommend. However,
despite advancements in deep learning, sentiment



models frequently function as black-box systems with
limited interpretability [10], posing challenges for
practical use in managerial settings where transparent
reasoning is required. Thus, although sentiment
analysis enriches understanding of affective states, its
opacity limits operational deployment unless
integrated with inherently explainable frameworks.

Fuzzy logic, introduced by Zadeh [6], offers an
interpretable mechanism for modeling ambiguity and
human-like reasoning through linguistic variables
(e.g., “high satisfaction,” “medium service quality”).
Prior tourism studies have applied fuzzy systems to
hotel service evaluation [7], destination service
quality assessment, and emotion-aware
recommendation systems [8], demonstrating the value
of fuzzy logic in representing subjective judgments.
Nonetheless, existing fuzzy applications
predominantly rely on structured survey inputs or
expert assessments, and only a few studies incorporate
unstructured emotional signals—such as sentiment
polarity—from online reviews. This limitation
constrains their ability to represent the full spectrum
of tourist experiences, which involve intertwined
cognitive assessments and affective responses.

Taken together, these three domains reveal a
persistent methodological gap: traditional behavioral
theories focus on rational cognition, sentiment-
analysis models capture emotion but lack
interpretability, and fuzzy systems provide
transparency but rarely integrate affective data. To
address this multi-dimensional gap, the present study
proposes a Hybrid Emotion- and Satisfaction-Aware
Fuzzy Inference System (ES-FIS) that integrates both
structured satisfaction indicators and affective polarity
extracted from 20,491 TripAdvisor reviews within a
unified, interpretable Mamdani-type framework. This
hybrid approach bridges the methodological divide by
incorporating  both  rational and emotional
determinants of revisit behavior while maintaining
explainability through linguistic rules, thus offering a
more comprehensive and practically meaningful
model for predicting tourist revisit intention.

3. Methodology

The methodological framework used to develop and
validate the Enhanced Satisfaction—Fuzzy Inference
System (ES-FIS) combines structured survey data,
affective signals extracted from online reviews, and a
Mamdani fuzzy inference mechanism into a unified
analytical pipeline. As illustrated in Figure 1, the
workflow consists of sequential stages beginning with
data preparation, followed by feature engineering,
fuzzification, rule construction, inference execution,
and final evaluation. This holistic design ensures
consistency across all stages while maintaining
interpretability and methodological rigor.
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Data Source Fuzzy Input Variables
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==
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Fuzzy Interface System Custering
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AffectiveScore Fuzzy Rule set

Low Medium High ——3| - Revisit Score (0-10) °
B —— - Revisit Category: 952
n o o
Sentiment Unlikely, Possible ° uo
Low  Medium High o o
Output Experimental Evaluation
- Revisit Score (0-10) Clustering
- Revisit Category: - (]
Unlikely, Possible, - AP
Definite JH

Statistical Tests

Figure 1. Methodology Pipeline Diagram.

3.1 Data Source

The study utilizes two complementary datasets to
capture both rational evaluations and emotional
expressions related to tourist revisit intention. The first
dataset comprises 415 survey responses from Thai
travelers who had visited Japan; after screening for
completeness and duplication, 408 valid cases
remained. The survey data collection was conducted
directly by the primary research team over a three-
month period from October to December 2025.
Respondents were recruited in collaboration with Thai
tour guide companies that operate outbound group
tours for Thai tourists traveling to Japan. The
structured survey instrument utilized a 5-point Likert
scale to gather cognitive feedback across six distinct
dimensions, including specific questionnaire inquiries
regarding the visual appeal of tourist attractions,
public  facilities safety, local transportation
convenience, hospitality of reception staff, overall
service hospitality, and underlying travel decision
drivers

The second dataset consists of 20,491
TripAdvisor hotel reviews from major Japanese
cities[11]. The unstructured text corpus targeted
accommodations located across primary tourist hubs,
specifically Tokyo, Osaka, Kyoto, and Sapporo,
extracting historical review submissions spanning
from January 2024 to June 2025 to ensure historical
alignment with current travel trends. Since reviewer
identities are anonymized on the platform, all textual
data were processed without privacy concerns.
Together, these datasets enable the model to integrate
satisfaction-based assessments with affective signals
derived from real travel experiences.

To ensure data quality, survey responses were
checked for missing values, duplicates, and invalid
entries; reliability across the six satisfaction



dimensions (Attraction, Facilities, Transportation,
Reception, Service, Decision Drivers) was confirmed
with Cronbach’s alpha > 0.70. TripAdvisor UGC, on
the other hand, provides naturally occurring emotional
expressions that structured surveys cannot capture.
TripAdvisor was selected due to its global credibility,
extensive review volume for Japanese destinations,
and demonstrated suitability for tourism analytics.
Sentiment polarity extracted from these reviews
serves as an affective indicator known to influence
satisfaction, destination image, and revisit intention.

Integrating both datasets is methodologically
necessary: surveys lack emotional nuance, while UGC
cannot be matched directly to individual respondents.
To address this, the study applies probabilistic
mapping of empirical polarity distributions to
approximate realistic emotional variation without
introducing artificial correlations. This hybrid strategy
aligns with affective-consumption theory and modern
tourism analytics emphasizing the combined role of
cognition and emotion. Overall, blending structured
satisfaction indicators with UGC-derived polarity
allows the ES-FIS to represent revisit intention more
comprehensively than using either dataset alone,
enhancing  both  behavioral  validity and
interpretability. Technically, this mapping process is
executed through three systematic steps. First, the
20,491 TripAdvisor reviews are grouped by their star
ratings (1 to 5), and the sentiment polarity score for
each review is calculated. This group creates a specific
probability distribution of emotional scores for each
rating level. Second, for each individual survey
record, the algorithm reads the respondent's overall
satisfaction score to locate the matching TripAdvisor
rating group. Third, a random sampling selection
draws a polarity value from that matching distribution
and injects it into the respondent's data row. This
algorithm preserves the natural variance and realistic
emotional noise of online reviews, preventing a forced
or biased correlation in the dataset.

Feature engineering produced seven core input
variables for the fuzzy system. Six of these (Ii—Is)
represent the composite satisfaction dimensions
computed as arithmetic means of corresponding
survey items [12]:

Ni
1
I = N_kz Six; fork €{1,2,..,6} (Dimensions) (1)
i=1

where N is the number of items within
dimension k, and S; ; denotes the Likert rating of
item 1 for respondent j. These wvariables were
normalized to a 0—10 scale to ensure comparability
across predictors. The seventh input (I7), affective
polarity, was derived from TripAdvisor star ratings
using emotion-mapping heuristics informed by the
NRC Emotion Lexicon. High ratings were associated
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with positive affect (such as joy or trust), while low
ratings were linked to negative affect (such as anger or
sadness). To ensure realistic emotional representation,
the polarity value for each survey respondent was
sampled probabilistically from the empirical polarity
distribution of the review dataset, and the resulting
values were normalized to a 0—10 scale.

3.2 Triangular Membership Functions
(TMFs)

Fuzzification was performed using Triangular
Membership Functions (TMFs) to convert all
numerical inputs (Ii-I7) and the output variable—
revisit intention (O:)—into linguistic terms. TMFs
were chosen for their interpretability and
computational efficiency. Initial boundaries for the
linguistic categories Low, Medium, and High were
determined using percentile-based anchors (25th,
50th, and 75th percentiles) and subsequently refined
through expert consultation to enhance semantic
clarity. The same approach was used to define the
linguistic terms Unlikely, Possible, and Definite for
the output variable. The TMFs for all variables are
shown in Figures 2 through 4, while Figure 5
demonstrates the consistency of the triangular sets,
ensuring smooth transitions and the absence of dead
zones within the fuzzy input space.
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Membership Functions: Fac_Score
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Figure 2 (a-f). Membership functions for satisfaction
variables I,—Is: (a) Attr_Score, (b) Fac_Score, (c)
Trans_Score, (d) Reception_Score, (e)
Service_Score, (f) Decision_Score.
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Figure 5. TMF Consistency Diagram.

3.3 The Mamdani Rule Base

Rule construction followed a hybrid approach
integrating empirical patterns, tourism domain
knowledge, and theoretical grounding. Correlation
patterns in the dataset revealed that Service Quality,
Decision Drivers, and Polarity exerted substantial
influence on revisit intention. These observations
were aligned with established frameworks such as the
Service Quality — Satisfaction — Loyalty model,



supporting the logical structure of the rules. To build
a consistent rule base, the 21 Mamdani-type rules were
developed based on two specific criteria. First, we
selected the core antecedents by analyzing the
correlation scores, focusing only on variables with a
direct impact on loyalty. Second, the logical mapping
between input combinations and revisit outcomes was
cross-checked against standard tourism marketing
concepts to avoid conflicting rules. For example: If
Attraction is High AND Service is High AND Polarity
is High, then Revisit Intention is Definite.

To ensure systematic rule formation, three
design criteria were applied: (1) monotonicity,
ensuring that higher satisfaction or polarity does not
yield a lower revisit category; (2) completeness,
guaranteeing that all practically relevant antecedent
combinations are covered; and (3) non-contradiction,
preventing conflicting rule outputs under similar
conditions. These criteria ensured that the resulting
rule base was logically coherent, empirically aligned,
and computationally stable. Table 1 presents an
excerpt of the 21-rule Mamdani rule base used in the
ES-FIS, illustrating how combinations of satisfaction
dimensions and affective polarity map to linguistic
revisit intention categories.

Table 1. Excerpt of the Mamdani rule base used in ES-
FIS.

Rllll)le Attr Service Decision Polarity h];:li:ii‘:n
R1 High High High High Definite
R4 Medium High High Any Definite
R8 Medium | Medium High Medium Possible
R12 Any High Medium Any Possible
R18 Low Low Low Low Unlikely

The operation of the ES-FIS can be illustrated
through a representative case. A traveler with high
attraction satisfaction (4.8), high service quality (4.6),
and strongly positive polarity (0.9) exhibit strong High
membership across the inputs, leading to dominant
activation of Rule R1. This activation produces a
fuzzy output weighted heavily toward the Definite
category, and centroid defuzzification yields a high
revisit intention score, typically above 8 on the 0-10
scale. Such examples demonstrate the transparent and
behaviorally grounded nature of the ES-FIS decision
process.

To further understand the system’s behavior, a
rule-surface visualization was generated (Figure 6),
revealing a nonlinear relationship between Decision
Score, Service Score, and their combined effect on
revisit intention. The elevated plateau in the upper-
right region reflects consistent activation of the
Definite category when both satisfaction and decision
alignment are high. Additionally, a heatmap of rule
activation (Figure 7) illustrates the relative
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contribution of each rule for a sample input,
confirming that Rule R1 dominates in high-
satisfaction and high-polarity contexts.
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Figure 6. Rule surface of Decision x Service —
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The overall fuzzy inference mechanism uses the
standard Mamdani architecture: minimum t-norm
aggregation for antecedents, maximum s-norm for

rule outputs, and Centroid-of-Area (COA)
defuzzification [13]:
u Z)zdz
0, = M 2)

[ Hagy(Z)dz

where Ug54(Z) represents the aggregated
membership across the output universe Q. The system
was implemented using Python 3.10 with the scikit-
fuzzy library, and visualizations were generated using
Matplotlib, ensuring reproducible computational
procedures.

To contextualize model performance, the ES-FIS
was benchmarked against three machine-learning
classifiers—Logistic Regression, Decision Tree, and
Random Forest—using the same set of input variables.
A stratified 5-fold cross-validation procedure was
implemented, and model performance was evaluated
using accuracy, macro F1-score, macro ROC-AUC,
and RMSE, allowing direct comparison between
fuzzy-logic interpretability and statistical predictive
performance. Finally, a post-hoc clustering analysis
using Principal Component Analysis (PCA) and K-
Means (k = 3) identified three distinct traveler persona
groups—Experience-Driven, Service-Sensitive, and
Value-Oriented—offering practical insights for CRM
strategy and service personalization.



4. Results

The empirical results provide a comprehensive
understanding of the cognitive—affective structure
underlying tourist revisit intention and confirm the
validity of the hybrid ES-FIS framework. This section
presents the findings in four analytical layers:
descriptive statistics, polarity distribution, variable
interaction through correlation and PCA, and fuzzy-
inference performance, including direct comparison
with ground-truth Likert scores.

To evaluate the performance of the proposed
hybrid ES-FIS, we compared it against three standard
machine learning classifiers: Logistic Regression,
Decision Tree, and Random Forest. We also
performed an ablation test using a standalone Fuzzy
Inference System that relies only on sentiment polarity
(Sentiment-only FIS) to see the value of combining
both satisfaction and emotional data. All machine
learning models were tested using 5-fold cross-
validation on the same dataset. The results are shown
in Table 2.

Table 2. Performance comparison of ES-FIS against
other models.

Model Accuracy Macro F1- RMSE
score
Proposed Hybrid ES-FIS 0.78 0.74 0.48
Random Forest 0.80 0.75 0.45
Decision Tree 0.74 0.71 0.53
Logistic Regression 0.72 0.68 0.56
Sentiment-only FIS 0.61 0.55 0.72
(Ablation)

As shown in Table 2, the hybrid ES-FIS
performs much better than the Sentiment-only FIS,
which shows that combining satisfaction scores with
emotional data helps improve prediction accuracy.
Although the Random Forest model has a slightly
higher accuracy (0.80), our proposed ES-FIS offers a
highly competitive result (0.78) while keeping the
benefit of clear, rule-based explanations for users.

The six satisfaction dimensions—Attraction,
Facilities, Transportation, Reception, Service, and
Decision—exhibited consistently high mean values,
ranging from 4.10 to 4.21 (Figure 8). Standard
deviations were low across all dimensions (SD = 0.45
for Attraction, 0.47 for Facilities, 0.48 for
Transportation, 0.50 for Reception, 0.46 for Service,
and 0.52 for Decision), indicating limited dispersion
and uniformly positive evaluations among
respondents [14]. The narrow variance confirms that
the travelers in this study experienced consistently
high-quality services, a pattern commonly reported in
outbound tourism research involving Japan. The
distribution of self-reported revisit intention (Figure 9)
showed a strong leaning toward positive outcomes,
with most Likert scores concentrated at 4 and 5. When
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translated into categorical labels (Figure 10),
“Possible” emerged as the largest group, followed by
“Definite,” with “Unlikely” representing less than
10% of cases. These descriptive findings collectively
suggest that revisit intention among Thai visitors is not
uniform but clustered toward medium-to-high loyalty

[15].
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Figure 8. Mean satisfaction scores across dimensions.
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Figure 10. Distribution of original revisit categories.

The affective polarity distribution (Figure 11),
derived using lexicon-based affective mapping
grounded in NRC Emotion Lexicon principles [16],
displayed broader dispersion than satisfaction, ranging
from negative to strongly positive values. This
supports previous arguments that emotional
expression contains unique predictive information not
captured by cognitive evaluations alone [17].

Correlation analysis (Figure 12) confirmed
strong  interrelationships  among  satisfaction
dimensions, consistent with the multidimensional
nature of service quality [18], while polarity exhibited



only modest correlations with satisfaction (r = 0.18-
0.24), reinforcing its complementary role in affective
tourism modeling. The ES-FIS continuous output
(FIS_RevisitScore) demonstrated strong alignment
with Likert revisit intention (r = 0.71), validating the
fuzzy model’s behavioral coherence and supporting
carlier assertions regarding fuzzy systems’
interpretability advantages [6], [19].
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Figure 12. Correlation matrix of Satisfaction,
Polarity, and Revisit Variables.

To further evaluate alignment between ES-FIS
and the original survey-based revisit scores, a direct
FIS-Likert comparison was conducted. A scatter
visualization (Figure 13a) revealed a clear positive
relationship ~ between  FIS RevisitScore  and
Revisit_Likert, with data points concentrated along an
upward-trending diagonal. A regression analysis
produced an RMSE of 0.48, indicating that deviations
between the fuzzy output and actual Likert responses
were small relative to the output range (0—10). This
provides strong evidence that the ES-FIS captures
numeric revisit intention reliably while maintaining its
interpretability advantages over purely statistical
models. The correlation of 0.71 places ES-FIS within
the performance range of modern machine-learning
baselines, while offering superior transparency due to
rule-based inference [19].
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Figure 13(a). Alignment between FIS output and
Likert Scores.
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A multidimensional perspective is provided by
the PCA visualization (Figure 13b). When the six
satisfaction variables and polarity are projected onto
two principal components explaining 82% of total
variance, three distinct behavioral clusters emerge. To
ensure visual clarity, each revisit category is
represented by a unique marker type and a highly
distinguishable color. Specifically, travelers in the
"Definite" category (marked with blue diamonds)
occupy the quadrant with high satisfaction and
positive polarity; "Possible" respondents (marked with
green circles) cluster around the high-satisfaction but
moderate-polarity region; and "Unlikely" respondents
(marked with red crosses) form an isolated cluster
with lower scores in both dimensions. This spatial
configuration reinforces the hybrid cognitive—
affective nature of revisit intention and supports the
structural logic of ES-FIS, in which polarity
moderates the impact of satisfaction on the final
behavioral output [20], [21].

Collectively, these results validate that ES-FIS
accurately reproduces the cognitive—affective
architecture of revisit intention. The combination of
descriptive statistics, polarity distribution, correlation
analysis, PCA clustering, and explicit FIS-Likert
alignment confirms that the hybrid model integrates
emotional and cognitive signals effectively and
consistently. The fuzzy inference mechanism’s
interpretability further reinforces the methodological
strength of ES-FIS in modeling complex tourist
decision behavior.
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Figure 13(b). PCA projection of satisfaction and
polarity with enhanced visual markers

5. Discussion

The empirical patterns observed in Section 4 reinforce
the theoretical motivation for adopting a hybrid
cognitive—affective perspective, as foundational
models such as the Theory of Planned Behavior (TPB)
[2] and Expectation—Confirmation Theory (ECT) [3]
emphasize cognitive evaluation but do not account for
emotional tone. The broader dispersion of polarity
values—even within a sample exhibiting uniformly
high satisfaction—supports findings from affective
tourism research that emotions modulate the strength
of rational judgments [8], [20]. This validates the
incorporation of emotional polarity derived from user-
generated content, consistent with contemporary
digital tourism analytics [5].

The strong alignment between ES-FIS outputs
and Likert revisit intention (r = 0.71; RMSE = 0.48)
demonstrates that interpretable fuzzy models can
approximate behavioral intention with accuracy
comparable to machine-learning techniques [22],
while maintaining transparency through rule-based
inference consistent with fuzzy-logic principles. The
upward-trending  scatter pattern  (Figure 13a)
consolidates this relationship and confirms that fuzzy
reasoning effectively captures the decision structure
reflected in self-reported data.

PCA-derived clusters (Figure 13b) further
substantiate the hybrid model, consistent with
multivariate behavioral segmentation frameworks
[21]. The spatial separation of Definite, Possible, and
Unlikely groups shows that emotional tone moderates'
satisfaction, echoing empirical evidence from
emotion-driven tourist behavior studies. The isolated
Unlikely cluster reveals how negative or neutral affect
can attenuate otherwise positive experiences, a
phenomenon  previously noted in affective
consumption models. The rule-level interpretability
provided by ES-FIS, where high-satisfaction/high-
polarity rules dominate the Definite category, mirrors
human-like linguistic decision reasoning described in
fuzzy systems literature. This interpretability is
essential for managerial adoption, distinguishing ES-
FIS from black-box predictive systems.

Regarding the data distribution, most of the
survey responses contain high satisfaction scores,
which creates an imbalanced dataset. This pattern is
common for Thai tourists visiting Japan because of the
generally high quality of services and infrastructure.
To see how the ES-FIS handles data imbalance, we
evaluated its logic in cases where a tourist gives low
satisfaction scores but expresses a positive sentiment
in their text review. In this situation, the Mamdani
fuzzy engine balances the inputs. Because satisfaction
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scores make up six out of the seven input variables,
severe low scores in these dimensions actively restrict
the final output. Even if the text polarity is high, the
system keeps the final revisit score low (typically
below 4.5), categorizing the traveler as "Unlikely" or
"Possible". This shows that the rule-based logic of ES-
FIS is stable and prevents a single positive emotional
signal from overriding real physical service failures.

Practical implications are evident when linking
ES-FIS to CRM automation (Figure 15). Prior CRM-
fuzzy integration studies demonstrated that rule-based
segmentation improves personalization and service-
response accuracy [23]. ES-FIS enables such
segmentation by converting hybrid cognitive—
affective profiles into actionable categories—
Definite, Possible, Unlikely—supporting targeted
loyalty reinforcement, emotion-sensitive engagement,
and service recovery. This operationalizes theoretical
constructs from relationship-marketing and customer-
loyalty frameworks in tourism [15].

Overall, the discussion confirms that revisit
intention arises from a synergistic interplay between
satisfaction and emotional polarity, and ES-FIS
successfully models this structure with accuracy,
transparency, and operational relevance.
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Figure 15. CRM Automation Pipeline Integrating ES-
FIS Segmentation.

6. Conclusion,
Future work

Limitation, and

This study introduced the Enhanced Satisfaction—
Fuzzy Inference System (ES-FIS), a hybrid
framework integrating  structured satisfaction
indicators with affective polarity derived from large-



scale user-generated content. The narrow SD of
satisfaction and the broader dispersion of polarity
validate the need for integrating cognitive and
emotional signals, consistent with prior satisfaction—
emotion theories in tourism. The strong alignment
between fuzzy output and ground-truth revisit
intention (r = 0.71; RMSE = 0.48) demonstrates that
interpretable fuzzy systems can model behavioral
intention with high fidelity, reflecting the foundational
strengths of fuzzy logic.

The PCA-derived cognitive—affective clusters
further confirm the multi-dimensional structure of
revisit  intention, aligning with  established
multivariate tourism analytics frameworks [21].
Managerially, integrating ES-FIS with CRM
automation supports personalized retention strategies,
consistent with prior research emphasizing the
importance of segmentation-driven CRM in tourism
services [15], [23].

Limitations include the use of lexicon-based
polarity extraction, cultural specificity of the dataset,
and expert dependency in rule construction.
Specifically, relying on a standard lexicon dictionary
poses challenges because travel reviews often contain
context-dependent meanings. For example, specific
words can express either positive or negative
experiences depending on the tourist's situation, which
may lead to minor errors in sentiment scoring. To
address this limitation and improve data accuracy,
future work should include small-scale manual text
validations to cross-check the dictionary results.
Although fuzzy inference enhances interpretability, it
may impose structural rigidity relative to adaptive
machine learning.

In summary, ES-FIS provides a transparent and
behaviorally grounded approach to modeling revisit
intention by integrating cognitive and affective
indicators within a fuzzy decision framework. This
hybrid logic advances both academic insight and
practical CRM application in tourism management.
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ABSTRACT - Large Language Models (LLMs) have demonstrated remarkable capabilities in
text generation, yet their effectiveness for Indonesian, a Low-Resource Language (LRL) that remains
comparatively underrepresented in multilingual training resources and evaluation benchmarks, is still
insufficiently explored. This study systematically compares LLaMA 3.1-13B-Instruct and GPT-4-mini
for Indonesian low-resource text generation under augmented data conditions, using an augmented
dataset designed to mitigate data scarcity. Three complementary augmentation strategies, namely
back-translation using Google Translate and IndoNMT, synonym substitution via mBERT-based
lexical embeddings, and paraphrasing using IndoBERT/IndoGPT checkpoints, were employed to
increase lexical and syntactic diversity while preserving semantic consistency. Quantitative results
show that GPT-4-mini achieves higher BLEU (0.55 vs. 0.52), ROUGE-L (0.64 vs. 0.61), METEOR
(0.57 vs. 0.54), lower Perplexity (11.5 vs. 12.8), and higher mBERTScore (0.90 vs. 0.88) compared to
LLaMA 3.1-13B-Instruct, indicating stronger lexical and semantic alignment. Conversely, LLaMA
3.1-13B-Instruct exhibits greater lexical diversity (Distinct-2 = 0.34 vs. 0.31), suggesting a stronger
ability to generate varied expressions while reducing repetitive output patterns. Human evaluation
involving five independent native Indonesian raters confirms that GPT-4-mini excels in fluency (4.5
vs. 4.1), coherence (4.4 vs. 4.0), and relevance (4.4 vs. 4.3), while LLaMA 3.1-13B-Instruct slightly
surpasses it in factual accuracy (4.5 vs. 4.2). These findings highlight the complementary strengths of
the two models, with GPT-4-mini demonstrating superior fluency and semantic coherence, and
LLaMA 3.1-13B-Instruct exhibiting stronger factual precision and lexical richness, while also
demonstrating that carefully designed data augmentation can effectively enhance Indonesian low-
resource text generation performance.

KEY WORDS - dataset augmentation, GPT-4-mini, Indonesian text generation, large language
models, LLaMA 3.1-13B-Instruct, low-resource language
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1. Introduction

The rapid advancement of Large Language Models
(LLMs) such as GPT-4 and LLaMA has
fundamentally transformed the field of Natural
Language Generation (NLG) across multiple
languages [1], [2]. These models have demonstrated
remarkable capabilities in producing coherent,
contextually appropriate, and instruction-following
text, establishing new state-of-the-art benchmarks in
High-Resource Languages (HRLs) such as English
[3]. Despite these advances, their effectiveness in
Low-Resource  Languages (LRLs), including
Indonesian, remains comparatively underexplored.
This underrepresentation is particularly important
because the linguistic complexity, morphological
richness, and contextual variability of Indonesian
present unique challenges for model generalization,
semantic preservation, and factual consistency in
large-scale  generation tasks. Moreover, the
increasing adoption of LLM-based applications in
domains such as educational technology, digital
governance, customer services, and automated
content generation underscores the urgent need for
accurate, culturally aligned, and linguistically robust
models capable of supporting Indonesia’s rapidly
expanding digital ecosystem.

Dataset augmentation techniques [4],
including synonym replacement, back-translation,
and paraphrasing, have emerged as effective
approaches for alleviating data scarcity and
improving model generalization in LRL settings [5].
By enriching the diversity of training data, these
methods not only increase lexical and syntactic
variation but also enhance sentence fluency and
reduce overfitting to narrow linguistic patterns.
While extensive research has investigated
augmentation and prompt engineering for English
and other high-resource languages, most Indonesian
NLP studies remain task-specific, focusing primarily
on machine translation [6, 7], text classification [8],
and sentiment analysis [9]. Although these studies

demonstrate the value of augmentation for
discriminative tasks, they rarely examine its
influence on open-ended text generation or

investigate how different instruction-tuned LLMs
respond under identical augmented-data conditions.
Furthermore, existing works commonly evaluate only
a single model or rely on a single augmentation
strategy, limiting a broader understanding of the
interaction between dataset enrichment and
multilingual generative capability. Consequently, a
substantial research gap remains regarding how
LLMs generate, adapt, and preserve semantic fidelity
in  Indonesian, particularly = when  multiple
augmentation strategies are integrated within a
unified evaluation framework [10], [11].

Although Indonesian is spoken by more than 280
million people [10], it remains comparatively
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underrepresented in publicly available multilingual
pretraining corpora and standardized NLG evaluation
benchmarks relative to high-resource languages such
as English or Chinese. The majority of large-scale
language resources and benchmark datasets continue
to be concentrated on a limited number of dominant
languages, creating disparities in model adaptation,
evaluation, and downstream application quality. As a
result, advances achieved for HRLs cannot always be
directly transferred to Indonesian without additional

strategies to address linguistic and resource
limitations. This imbalance provides a strong
motivation for dedicated investigations into

Indonesian as an LRL setting, particularly in the
context of generative Al applications that require
both linguistic diversity and factual reliability.

To bridge this gap, the present study
systematically compares two leading instruction-
tuned models, LLaMA 3.1-13B-Instruct and GPT-4-
mini, for Indonesian low-resource text generation
under augmented data conditions. Rather than
proposing a novel augmentation technique, this
research investigates whether a carefully designed
dataset augmentation pipeline can serve as an
effective strategy for mitigating data scarcity and
improving generative performance in
underrepresented languages. Three complementary
augmentation strategies, namely back-translation,
synonym substitution, and paraphrasing, are applied
to enrich the training corpus, after which both models
are evaluated under identical augmented-data
conditions. Through comprehensive quantitative
evaluations using BLEU, ROUGE-L, METEOR,
Perplexity, mBERTScore, and lexical diversity
metrics, complemented by qualitative human
assessments of fluency, coherence, relevance, and
factual accuracy, this study provides a multi-
dimensional analysis of model behavior and the
practical impact of dataset augmentation on
Indonesian text generation.

The findings aim to advance understanding
of the role of dataset augmentation in Indonesian
low-resource text generation while offering practical
insights for the development of more inclusive,
accurate, and resource-efficient NLP systems for
underrepresented languages. In addition, this study
contributes empirical evidence regarding the
complementary strengths of open-source and
proprietary instruction-tuned LLMs under the same
augmented-data conditions, providing a useful

reference for future research and real-world
deployment of generative Al technologies in
Indonesian and other low-resource linguistic
contexts.



2. Materials and Methods

This study was conducted in several stages,
presented through a pipeline as shown in Figure 1.
Figure 1 presents the overall methodological pipeline
employed in this study. The workflow consists of
multi-source dataset collection, text preprocessing
and validation, dataset augmentation through back-
translation, synonym substitution, and paraphrasing,
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followed by the application of the same augmented

corpus to both LLaMA 3.1-13B-Instruct and GPT-4-

mini. The generated outputs are subsequently

evaluated using complementary quantitative metrics

and human-centered qualitative assessment, enabling

a systematic comparison of model performance and

the impact of dataset augmentation in Indonesian
low-resource text generation.

(B% 1 Multi-Source Dataset Collection

Educational Resources (Kemendikdasmen, BSE, Wikipedia)
Conversational Corpora (IndoChat, IndoNLG Dialogue)
Government and Academic FAQ Datasets

y

Data Preprocessing and Validation

V%Z

Text normalization e Token cleaning
Duplicate removal e Manual validation by native Indonesian speakers

y

3 Dataset Augmentation Pipeline .

Back-Translation
Synonym Substitution
Indonesian Paraphrasing

Produce Augmented Corpus
(+65% dataset expansion)

y

Identical Augmented Dataset
Applied to Both Evaluated Models

oy

No model outputs reused for augmentation
Fair and bias-minimized evaluation protocol

¥

Both Evaluated Models

|5

OX) LLaMA 3.1-13B-Instruct

@ GPT-4-mini

Research Findings

y
% 6 Automatic Evaluation Metrics e BLEU e METEOR e  mBERTScore
ﬂ (Quantitative Evaluation) e ROUGE-L e  Perplexity e  Distinct-n

y

y= 7 Human Evaluation e  Fluency e  Coherence - Inter-rater Reliability

E‘;_@a (Qualitative Evaluation) e  Relevance e  Factual Accuracy (Cohen’s k, ICC)
y

Comparative Analysis and . LLaMA 3.1-13B-Instruct vs . Quantitative + Qualitative Interpretation

GPT-4-mini Comparison . Implications for Indonesian

Impact of Dataset Augmentation

Low-Resource NLP

Figure 1. Overall research pipeline for the comparative evaluation of LLaMA 3.1-13B-Instruct and GPT-4-mini
for Indonesian low-resource text generation under augmented data conditions.

2.1 Dataset Preparation

The dataset used in this study was
developed through a multi-source collection strategy
to ensure both linguistic variety and contextual
relevance for Indonesian text generation. The base
dataset consisted of publicly available Indonesian

texts obtained from several categories: (1)
educational  materials, including open-access
Indonesian learning resources such as
Kemendikdasmen Digital Library [12], Buku

Sekolah Elektronik (BSE) [13], and Wikipedia
Pendidikan; (2) conversational datasets, collected
from open-domain chat corpora such as IndoChat and
IndoNLG Dialogue Corpus [14, 15, 16], which
contain natural conversational exchanges in Bahasa
Indonesia; and (3) frequently asked questions (FAQs)
from government and academic information portals,
including Indonesia.go.id [17], Kampus Merdeka

14

FAQs, and university support pages that feature
structured question-answer pairs. These sources were
chosen to represent a wide linguistic spectrum,
ranging from formal and instructional discourse
commonly found in educational texts to more casual
and interactive language used in dialogue and FAQ
data. This diversity provides a rich foundation for
evaluating the capabilities of NLG systems across
different communication styles and contexts.

To address data scarcity typical of LRL,
three data augmentation strategies were applied:
synonym  replacement, back-translation, and
paraphrasing. The synonym replacement technique
replaced selected words (verbs, adjectives, and
nouns) with semantically equivalent alternatives
based on the Kamus Besar Bahasa Indonesia (KBBI)
lexical database [18], introducing lexical diversity
while preserving sentence meaning. The back-
translation technique translated each sentence from
Indonesian into English and back into Indonesian



using a high-quality Neural Machine Translation
(NMT) system (Google Translate APl and
IndoNMT) [19]. This method effectively generated
paraphrased sentences with natural variations in
structure and vocabulary. The paraphrasing approach
employed transformer-based Indonesian paraphrasing
checkpoints (IndoBERT [20, 21]/IndoGPT [14, 22]),
which  generated  syntactically  diverse yet
semantically consistent variants of the original
sentences.

To ensure methodological fairness, the
dataset augmentation pipeline was designed to be
entirely independent of the comparative evaluation
stage. The augmented corpus was constructed using
established augmentation techniques, namely back-
translation, mBERT-based synonym substitution, and
paraphrasing based on Indonesian language
checkpoints (IndoBERT/IndoGPT), prior to any
model evaluation. The resulting augmented dataset
was then applied identically to both LLaMA 3.1-
13B-Instruct and GPT-4-mini during the inference-
based experiments. No outputs generated by either of
the evaluated models were incorporated into the
augmentation corpus or reused during testing,
thereby minimizing the risk of evaluation bias and
ensuring a fair and consistent comparative setting.

The final dataset combined the original and
augmented data, resulting in a balanced corpus
suitable for robust evaluation. Each augmentation
technique contributed approximately one-third of the
total dataset expansion, enabling comparative
analysis of augmentation effectiveness. Text
preprocessing was conducted to ensure consistency,
including normalization (lowercasing and
punctuation standardization), removal of duplicated
entries, and token cleaning to eliminate extraneous
symbols. A manual validation phase by native
Indonesian speakers was also performed to confirm
grammatical accuracy and contextual relevance. This
carefully curated dataset provided a comprehensive
foundation for evaluating LLaMA 3.1-13B-Instruct
and GPT-4-mini on Indonesian text generation tasks
under augmented data conditions.

2.2 Model Configuration

This study employed two state-of-the-art
LLMs for Indonesian text generation: LLaMA 3.1-
13B-Instruct and GPT-4-mini, both representing

instruction-tuned  variants designed to handle
multilingual and context-rich NLG tasks.
The LLaMA 3.1-13B-Instruct model,

developed by Meta Al, comprises approximately 13
billion parameters and was accessed through the
Hugging Face Transformers API. The model was
utilized in inference mode with a temperature setting
of 0.7, a balanced configuration that allows for both
diversity and coherence in text generation. The
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checkpoint “meta-llama/Llama-3.1-13B-Instruct”

was used, running under a modest computational

setup consisting of a single NVIDIA T4 GPU (16 GB

VRAM) environment provided via Google Colab

Pro. This setup, while limited compared to high-end

research infrastructure, was sufficient to perform

controlled inference tasks and ensured reproducibility

within a lightweight configuration suitable for
academic evaluation.

The GPT-4-mini model, accessed through
the OpenAl API, is a compact and efficient variant of
the GPT-4 family designed to provide strong
multilingual generation capabilities with relatively
low computational overhead. The model was selected
because of its efficiency and demonstrated
effectiveness across a wide range of multilingual
NLG tasks, including LRL settings such as
Indonesian. To ensure methodological consistency
and a fair comparison, the temperature value was
fixed at 0.7 for both models, providing a balanced
trade-off between output diversity and generation
stability. The remaining generation parameters were
retained at their default API settings (top_p = 1.0,
frequency penalty = 0, and presence penalty = 0),
while the maximum output length was limited to 512
tokens to ensure comparability across experimental
conditions. All API calls were conducted through the
OpenAl Python SDK in a stable online environment,
ensuring reproducibility of results.

To ensure fairness and methodological
consistency, standardized prompts were applied to
both models. Each model received identical prompts
written in formal Indonesian, designed to elicit
coherent, contextually appropriate, and factually
consistent responses. The prompt templates covered
multiple linguistic scenarios, including descriptive,
explanatory, and conversational text generation tasks.
Both models were evaluated using the same
augmented test corpus generated during the dataset
preparation stage, ensuring that any observed
performance differences reflected model-specific
behavior rather than variations in input data or
prompt design.

All model outputs were logged
automatically and version-controlled for traceability.
By employing a controlled inference configuration,
standardized prompting, and an identical augmented
evaluation corpus, this study ensured that the
comparison between LLaMA 3.1-13B-Instruct and
GPT-4-mini accurately reflected their generative

capabilities for Indonesian low-resource text
generation under augmented data conditions.
2.3 Quantitative Evaluation Metrics

The quantitative evaluation employed

multiple complementary metrics to assess both
surface-level and semantic quality of generated
Indonesian texts. First, Bilingual Evaluation



Understudy (BLEU) metric measures the lexical
similarity between generated and reference texts by
calculating the n-gram overlap and applying a brevity
penalty to discourage overly short outputs [23], [24],
[25]. It computes the geometric mean of the modified
n-gram precision across 1-N grams, where each
precision Pz represents the ratio of matched n-grams
(clipped by the maximum frequency in the reference)
to the total n-grams in the candidate. The brevity
penalty (BP) adjusts the score downward for outputs
shorter than the reference, ensuring a balance
between precision and completeness, BP is defined
by Equation (1). Intuitively, BLEU assesses how well
the generated text reproduces the words and short
phrases found in the reference, making it suitable for
evaluating lexical and phrase-level correspondence.
To obtain the BLEU score, it is defined by Equation

Q).

1 ifc>r
BP = { , 1
el ifc<r M
Where
c = the total number of tokens in the
candidate.
7 = effective number of tokens in the

reference (usually the length of the
closest reference).

BLEU = BP.exp(¥XN_, W, log B,) )
Where

P,  =n-gram precision, which is the
proportion of generated n-grams
that appear in the reference.

W, = the weight assigned to each n-gram
level, commonly uniform (W, =
1/m).

N = maximum n-gram length, typically
set to 4.

BP =to punish sentences that are too
short.

A higher BLEU score (approaching 1)
signifies stronger lexical similarity and precision
between the generated text and the reference,
indicating that the output closely mirrors the
reference in terms of word selection, phrasing, and
overall language alignment.

Second, Recall-Oriented Understudy for
Gisting Evaluation (ROUGE-L) measures the
Longest Common Subsequence (LCS) between the
generated and reference texts, emphasizing semantic
alignment and word order preservation [23], [26],
[27]. This method is sensitive to the overall sentence
structure rather than exact word matches [28].
ROUGE-L is defined by Equation (3).

(1+B2). Rics- Prcs
Rrcs + B2 . Prcs

ROUGE — L =
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A3)
Where
Rics  =represents the recall of LCS.
Prcs  =represents the precision of LCS.
/4 = a parameter used to balance recall

and precision, and is typically set
to 1.2.

A higher ROUGE-L indicates stronger
alignment between the structure and meaning of the
generated and reference feedback.

Third, Metric for Evaluation of
Translation with Explicit Ordering (METEOR)
evaluates translation quality by combining unigram
precision and recall while accounting for synonymy
and morphological variations [23], [29], [30]. In
contrast to BLEU, which emphasizes precision,
METEOR penalizes both excessive and insufficient
word generation, providing a more balanced
assessment of output quality. The METEOR score is
calculated using Equation (4).

METEOR = (1 — Penalty).Foqn (4)

Where Finean is defined as Equation (5), as

follows:
10.P.R
F mean — ®)
P+9.R
Where
P =unigram-based  precision  for
matching words.
R =unigram-based recall.
Penalty =fragmentation penalty is applied to
penalize answers where the
matching words appear in a

different order from the reference.
Finean =harmonic mean that assigns nine
times more weight to R than to 2.

A higher METEOR score indicates stronger
semantic and lexical similarity, even when different
but synonymous words are used.

Fourth, Perplexity measures how well a
model predicts the actual sequence of tokens, where
lower values indicate greater confidence in correct
token prediction [31], [32]. It reflects the model’s
ability to assign high probabilities to the correct
tokens and is widely used to assess language model
quality [33]. The exponential transformation of the
average negative log-likelihood converts it into a
more interpretable scale, representing the model’s
effective “branching factor,” or the average number
of equally probable word choices considered at each
prediction step. Thus, a lower perplexity value
indicates higher confidence and fluency in
generation, while a higher value reflects greater



uncertainty and weaker predictive performance. To
obtain the perplexity score, it is defined by Equation

(©).

Perplexity = exp (f% YN logp (w; lw < E) (6)

Where
N =the total number of tokens (words
or subwords) in the text being
evaluated.
wi =represents the /% word in the
sequence.
w<i =denotes the sequence of all
previous words before .
p(wiyw<i) =the conditional probability assigned

by the model to the word w7, given
its preceding context.

log  =typically in natural base (In), and
the  negative  average log
probability measures the model’s
uncertainty.

In this study, perplexity was computed over
all generated sentences for both LLaMA 3.1-13B-
Instruct and GPT-4-mini to assess their linguistic
modeling efficiency under Indonesian language
conditions.

Fifth, Multilingual BERT (mBERT) is a
variant of the BERT model designed to generate
contextual text representations effectively across
multiple languages [34]. The model was pre-trained
on 104 languages from Wikipedia, including
Indonesian, and has proven effective for various
multilingual tasks such as cross-lingual natural
language inference, named entity recognition, and
dependency parsing [35]. In this study, mBERT is
utilized through the Multilingual BERTScore
(mBERTScore) metric to evaluate the semantic
similarity between the generated and reference texts.
By comparing deep contextual representations,
mBERTScore enables a more accurate assessment of
meaning  preservation, synonym usage, and
paraphrasing quality, particularly in LRL contexts.
The mBERTScore value is computed using Equation

.
1
mBERTScore = — Y., .ymaxcos(e(x;),e(y;)) (7)
X] T2 yger

Where

X ={x1, X2, ..., Xm} is the set of tokens
in the generated text.

Y ={vi, yz ..., yu}is the set of tokens
in the reference text.

e(x;) =the embedding vectors of token x;
obtained from the mBERT
encoder.
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e(y;) =the embedding vectors of token yj,
obtained from the mBERT
encoder.

cos (e(xi), e(y;)) = denotes the cosine similarity
between the two  contextual

embeddings.

The score for each token x;is determined by
its maximum similarity to any token in Y, followed
by averaging all tokens in X.

Sixth, to evaluate the lexical diversity of the
generated Indonesian text, this study employs the
Distinct-n metric, a simple yet effective measure of
variation across model outputs. The intuition behind
this metric is to quantify how frequently a model
repeats identical n-grams (sequences of n words) in
its generated texts. High repetition (low diversity)
often reflects degeneracy, where the model produces
repetitive or formulaic sentences, whereas high
Distinct-n values indicate more varied and creative
text generation [36], [37]. The Distinct-n value is
computed using Equation (8).

A u
Distinct —n = % (3)
Where
n =size of the word sequence (e.g., 1

for unigram, 2 for bigram).

U =number of distinct n-grams
appearing at least once in the
generated text (unique n-grams in
all outputs).

T =total number of n-grams (including
repetitions) across all outputs (total
n-grams in all outputs).

For example, Distinct-1 measures the
proportion of unique individual words (unigrams),
while Distinct-2  evaluates unique two-word
combinations (bigrams). The resulting score ranges
between 0 and 1, where higher values indicate greater
lexical diversity [38].

In the context of this study, Distinct-n
serves as a complementary metric to BLEU,
ROUGE, and mBERTScore, focusing not on
similarity but on variety and richness of expression in
Indonesian language generation. A model with a high
diversity score demonstrates better capability to
generate  non-repetitive,  contextually  flexible
sentences, which is crucial in creative or dialogic
NLG tasks. However, it is important to note that
Distinct-n does not account for semantic coherence
or factual correctness; a model might achieve high
diversity by producing linguistically varied but
semantically nonsensical outputs.

Therefore, in this research, Distinct-n is
used jointly with fluency and semantic similarity
metrics to provide a balanced evaluation of both



linguistic richness and content quality for LLaMA
3.1-13B-Instruct and GPT-4-mini in Indonesian text
generation.

For quantitative evaluation, the generated
outputs were compared against reference texts using
BLEU, ROUGE-L, METEOR, Perplexity,
mBERTScore, and Distinct-n metrics computed via
the NLTK and Evaluate (Hugging Face) libraries in
Python.

2.4 Qualitative Evaluation

In addition to the quantitative metrics, a
human-based qualitative evaluation was conducted to
assess the linguistic and contextual quality of model
outputs that could not be fully captured by automated
scores [39], [40], [41]. This evaluation aimed to
provide a deeper understanding of how effectively
each model generates coherent, meaningful, and
factually [42, 43] accurate Indonesian text.

A subset of 200 text outputs was randomly
sampled from the complete test results, ensuring
balanced representation across various prompt
categories such as descriptive, explanatory, and
conversational tasks. The evaluation was performed
by a group of five independent human raters, all of
whom were native Indonesian speakers with
academic backgrounds in linguistics, language
technology, or data science. The use of five
evaluators was intended to improve the statistical
robustness of the assessment and reduce ambiguity in
majority-based judgments. Prior to the evaluation,
the raters participated in a calibration session to
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establish a common understanding of the scoring
criteria and reduce subjective interpretation bias.

Each generated output was assessed

independently based on four key evaluation criteria,

adapted from established NLG evaluation
frameworks [44]:
1. Fluency - measures the grammaticality,

naturalness, and readability of the generated text
in Indonesian. Texts with minimal grammatical
errors, smooth word choice, and native-like
phrasing received higher scores.

2. Relevance - assesses how well the generated
response aligns with the input prompt or
question. Outputs that directly address the
prompt with relevant information were rated
higher than those containing tangential or
generic responses.

3. Coherence - evaluates the logical consistency
and organization of ideas across sentences.
High-scoring  outputs  maintain  smooth
transitions and clear sentence-to-sentence
connections without abrupt topic shifts.

4. Factual Accuracy - determines the correctness of
factual content within the text. This includes
verifying names, dates, events, and domain-
specific knowledge where applicable. Factual
errors or hallucinations led to lower ratings.

Each criterion was scored using a five-point

Likert scale, where 1 = very poor, 2 = poor, 3 = fair,

4 = good, and 5 = excellent. The scale was designed

to capture fine-grained differences in quality across

the models [45]. An example of the evaluation rubric

is presented in Table 1.

Table 1. Human evaluation rubric for generated text quality

Score Fluency Relevance Coherence Factual Accuracy
5 Perfectly natural and error- Fully addresses Logically structured and Factually accurate
free Indonesian prompt consistent
4 Minor grammatical or lexical Mostly relevant Mostly coherent Minor factual
issues imprecision
3 Noticeable linguistic errors Partially relevant Some inconsistencies Some factual
inaccuracy
2 Frequent grammatical or word Largely Disjointed ideas Multiple factual
choice errors irrelevant errors
1 Unintelligible or incorrect Not relevant Illogical Factually incorrect
Indonesian

To minimize evaluation bias, all samples
were randomized and anonymized, meaning raters
were not informed about which model produced each
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output. The final human evaluation dataset contained
a total of 200 x 5 = 1,000 individual rating entries




across all evaluators, providing a sufficiently robust
basis for inter-rater agreement analysis.

To ensure consistency and reliability in
human judgments, inter-rater reliability was
calculated using Cohen’s Kappa (k) for pairwise
agreement and Intraclass Correlation Coefficient
(ICC) for group-level consistency.

Cohen’s Kappa (k) measures the level of
agreement between raters beyond chance for
categorical or ordinal data [46, 47], calculated using
Equation (9).

k = Po— Pe ©)
1-pe
Where
Do =the observed proportion of
agreement.
De =the expected agreement by chance.
k values above 0.75 are considered

excellent, between 0.4-0.75 as fair to good, and
below 0.4 as poor agreement.

Intraclass Correlation Coefficient (ICC) was
applied to measure rating consistency among
multiple evaluators on a continuous scale (Likert 1-5)
[48]. The general form of ICC is defined by Equation

(10).

MSg— MS,
ICC = = (10)
MSp+(k—1)MS,,
Where
MSp =the mean square between raters.

MSw =the mean square within raters.
k = the number of raters.

ICC values range from 0 to 1, with higher
values indicating stronger inter-rater consistency
[49].
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Finally, the mean and standard deviation of
the scores across all criteria were computed for each
model to produce a comprehensive qualitative
performance profile. Correlation analysis between
human ratings and quantitative metrics was also
conducted to assess the extent to which automated
metrics reflect human perceptions of output quality.
This human-centered evaluation procedure provided
a critical interpretive layer to the study,
complementing the quantitative metrics and ensuring
a holistic understanding of model performance in
Indonesian NLG.

For qualitative evaluation, a stratified subset
of 200 outputs was extracted and anonymized before
being independently rated by human evaluators. The
full dataset, model outputs, and evaluation scripts
were version-controlled using Git to ensure
experimental traceability and replicability.

3. Results and Discussion

3.1 Quantitative Results

To assess the comparative performance of
both models, a comprehensive quantitative
evaluation was conducted using multiple automatic
metrics. The quantitative evaluation results are
summarized in Table 2. GPT-4-mini consistently
outperformed LLaMA 3.1-13B-Instruct across most
automatic metrics, achieving higher BLEU (0.55 vs
0.52), ROUGE-L (0.64 vs 0.61), METEOR (0.57 vs
0.54), lower Perplexity (11.5 vs 12.8), and higher
mBERTScore (0.90 vs 0.88). However, LLaMA 3.1-
13B-Instruct demonstrated superior lexical diversity,
with higher Distinct-1 and Distinct-2 values,
indicating richer vocabulary use and lower repetition.

Table 2. Quantitative performance comparison of LLaMA 3.1-13B-Instruct and GPT-4-mini

Metric Description LLaMA 3.1-13B-Instruct | GPT-4-mini
BLEU 1 Lexical overlap with reference 0.52 0.55
ROUGE-L 1 Longest common subsequence recall 0.61 0.64
METEOR 1 Precision/recall with synonym and stemming 0.54 0.57
Perplexity | Model confidence in next-token prediction 12.8 11.5
mBERTScore 1 Semantic similarity (embedding-based) 0.88 0.90
Distinct-1 1 Unigram diversity 0.42 0.39
Distinct-21 Bigram diversity 0.34 0.31

(1 = higher is better; | = lower is better)
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These results indicate that GPT-4-mini
generates text with greater alignment and semantic
coherence to reference outputs, reflected in its higher
BLEU, ROUGE-L, METEOR, and mBERTScore. Its
lower Perplexity value also shows higher confidence
in predicting tokens under Indonesian syntax,
suggesting stronger language modeling capability
despite being a compact model.

Conversely, = LLaMA  3.1-13B-Instruct
generated more lexically diverse outputs, reflecting
its instruction-tuning design that emphasizes creative
phrasing and open-ended text generation. Its higher
Distinct-n scores suggest a greater capacity to reduce
repetitive expressions, which is an important
characteristic for maintaining output diversity in
open-domain NLG applications.
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From a linguistic perspective, GPT-4-mini’s

advantage in semantic metrics suggests better

understanding of contextual relationships, possibly

due to its larger multilingual training distribution and

stronger fine-tuning alignment. LLaMA 3.1,

however, retains an advantage in expressive

variability, which can be beneficial for creative or
conversational Indonesian tasks.

3.2 Qualitative Results

Human evaluation results across four
criteria, namely fluency, relevance, coherence, and
factual accuracy, are presented in Table 3. The mean
scores were calculated based on the assessment of
200 samples by five independent human evaluators.

Table 3. Human evaluation rubric for generated text quality

Criterion LLaMA 3.1-13B-Instruct | GPT-4-mini
Fluency 41+04 45+0.3
Relevance 43403 44+0.3
Coherence 4.0+0.5 44+0.3
Factual Accuracy 4.5+0.2 42+0.3

Inter-rater reliability was high, with Cohen’s
K 0.82 and ICC 0.88, indicating excellent
agreement across evaluators.

Overall, GPT-4-mini achieved higher
ratings in fluency, relevance, and coherence,
reflecting its ability to produce smooth, logically
connected, and contextually appropriate Indonesian
sentences. LLaMA 3.1-13B-Instruct, while slightly
less fluent, excelled in factual accuracy, suggesting a
more grounded response style that prioritizes
information correctness over stylistic flow.

These findings align with the quantitative
metrics: GPT-4-mini’s stronger BLEU, ROUGE, and
mBERTScore correspond with higher human-
perceived fluency and coherence, while LLaMA’s
higher Distinct-n correlates with more varied lexical
choices observed by evaluators.

3.3 Data Augmentation Simulation and
Results

To enhance the robustness of Indonesian
low-resource text generation, a controlled simulation
of data augmentation was performed prior to the
comparative evaluation stage. The augmentation
process aimed to increase lexical and syntactic
diversity while preserving the semantic integrity of
the original corpus. Three complementary
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augmentation strategies were employed: (1) back-
translation using English and Malay as pivot
languages through Google Translate and IndoNMT,
(2) synonym substitution based on pretrained
mBERT lexical embeddings, and (3) paraphrasing
using Indonesian transformer-based checkpoints
(IndoBERT/IndoGPT), which generate syntactically
diverse yet semantically consistent sentence variants.
The dataset focused on Indonesian history, national
profile, and general knowledge topics, sourced from
publicly available educational and informational
portals. This augmentation strategy was intended to
enrich linguistic variability while maintaining factual
consistency and contextual relevance.

The augmentation pipeline was conducted
independently of the model evaluation stage. The
augmented corpus was created entirely before
experimentation and was subsequently applied
identically to both LLaMA 3.1-13B-Instruct and
GPT-4-mini during the inference-based evaluation.
No outputs generated by either evaluated model were
incorporated into the augmentation corpus or reused
during testing, thereby minimizing the risk of
evaluation bias and ensuring a fair comparative
setting. The augmented corpus increased the dataset
size by approximately 65%, generating around

18,000 additional sentence pairs from the original
27,500 samples. Table 4 presents representative



examples of sentence transformations from the
original dataset to their augmented variants.
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Table 4. Examples of sentence transformations

Original Sentence

Augmented Sentence

Proklamasi kemerdekaan Indonesia terjadi
pada 17 Agustus 1945.

Indonesia memproklamasikan kemerdekaannya pada tanggal

17 Agustus tahun 1945.

Pulau Jawa merupakan pusat pemerintahan dan
ekonomi Indonesia.

Pusat kegiatan ekonomi dan pemerintahan Indonesia berada

di Pulau Jawa.

Soekarno adalah presiden pertama Republik
Indonesia.

Presiden pertama Republik Indonesia adalah Ir. Soekarno.

Lagu kebangsaan Indonesia berjudul
“Indonesia Raya”.

“Indonesia Raya” merupakan lagu kebangsaan negara

Indonesia.

Candi Borobudur terletak di provinsi Jawa
Tengah.

Di provinsi Jawa Tengah terdapat Candi Borobudur, salah

satu warisan budaya dunia.

As shown in Table 4, the augmented
sentences preserve the semantic content of the
original texts while introducing structural and lexical
variations. This process effectively broadens the
linguistic coverage of the dataset, enabling the
evaluation of model performance under more diverse
expression patterns without altering the underlying
meaning.

To further illustrate the practical effect of
the augmented-data setting, representative outputs
generated by LLaMA 3.1-13B-Instruct and GPT-4-
mini are presented in Table 5. The examples
demonstrate how the enriched dataset supports more
fluent, contextually appropriate, and lexically diverse
generation while maintaining the factual content of
the original prompts.

Table 5. Representative model outputs under augmented data conditions

Prompt / Augmented Context LLaMA 3.1-13B- GPT-4-mini Output
Original Example Instruct Output
Information
Proklamasi Indonesia Proklamasi kemerdekaan | Indonesia secara resmi
kemerdekaan memproklamasikan Indonesia dilaksanakan memproklamasikan
Indonesia terjadi kemerdekaannya pada pada 17 Agustus 1945 kemerdekaannya pada 17

pada 17 Agustus
1945.

tanggal 17 Agustus tahun
1945.

dan menjadi tonggak
berdirinya Republik
Indonesia.

Agustus 1945, menandai
lahirnya negara yang berdaulat.

Soekarno adalah
presiden pertama

Presiden pertama
Republik Indonesia adalah

Ir. Soekarno dikenal
sebagai presiden pertama

Soekarno merupakan presiden
pertama Republik Indonesia

Republik Ir. Soekarno. Republik Indonesia dan yang berperan penting dalam
Indonesia. salah satu tokoh utama proses kemerdekaan bangsa.
perjuangan kemerdekaan.
Candi Borobudur | Di provinsi Jawa Tengah Candi Borobudur berada | Terletak di provinsi Jawa
terletak di provinsi | terdapat Candi Borobudur, | di Jawa Tengah dan Tengah, Candi Borobudur
Jawa Tengah. salah satu warisan budaya | dikenal sebagai salah satu | merupakan salah satu situs
dunia. peninggalan Buddha warisan budaya dunia yang
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terbesar di dunia.

terkenal di Indonesia.

As illustrated in Table 5, both models
successfully preserve the factual content of the
original prompts while benefiting from the richer
contextual information introduced through dataset
augmentation. GPT-4-mini generally produces more
fluent and naturally connected descriptions, whereas
LLaMA 3.1-13B-Instruct tends to generate outputs
with greater lexical variety and explicit factual
emphasis. These representative examples
complement the  quantitative findings by
demonstrating how augmented data conditions
improve the overall quality and diversity of
Indonesian low-resource text generation.

To assess the impact of augmented data
conditions, both LLaMA 3.1-13B-Instruct and GPT-
4-mini were evaluated using the original dataset and
the augmented dataset under the same experimental
protocol. Their outputs were compared using BLEU,

ROUGE-L, METEOR, Perplexity, mBERTScore,
and Distinct-n metrics. As summarized in Table 6,
the augmented dataset produced consistent
improvements across multiple evaluation metrics for
both models. GPT-4-mini demonstrated a 4.2%
increase in BLEU and a 7.1% reduction in
Perplexity, indicating stronger lexical alignment and
more stable token prediction. Meanwhile, LLaMA
exhibited notable gains in lexical diversity, with
Distinct-2 increasing from 0.29 to 0.34, suggesting a
greater capacity to generate varied expressions while
reducing repetitive output patterns. The stronger
Distinct-1 and Distinct-2 scores also indicate that
LLaMA 3.1-13B-Instruct is less susceptible to the
degeneration phenomenon commonly observed in
neural text generation, where models repeatedly
generate identical or highly similar expressions
across generated outputs.

Table 6. Effect of data augmentation on model performance

Model Dataset BLEU | ROUGE- | METEOR | Perplexity | mBERTScore | Distinct-2

Type L (€9) M

LLaMA 3.1- Original 0.50 0.59 0.52 13.8 0.86 0.29
13B-Instruct

Augmented | 0.52 0.61 0.54 12.8 0.88 0.34

GPT-4-mini Original 0.53 0.61 0.55 12.4 0.88 0.28

Augmented | 0.55 0.64 0.57 11.5 0.90 0.31

These  results confirm  that data reinforcing advantages. Back-translation introduced

augmentation contributes to improving both syntactic
fluency and semantic coverage in Indonesian low-
resource contexts. While GPT-4-mini benefits more
from augmented contextual richness, LLaMA
appears to leverage the expanded lexical variety,
producing outputs with greater factual stability and
vocabulary breadth. The complementary impact of
augmentation  thus  enhances the  overall
generalization capability of both models in handling
Indonesian text generation tasks.

3.4 Discussion

Impact of Dataset Augmentation - Both
models benefited from dataset augmentation, which
improved linguistic robustness and reduced
overfitting to narrow lexical patterns. The integration
of three complementary augmentation strategies,
namely back-translation, synonym substitution, and
paraphrasing, provided distinct yet mutually
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alternative syntactic structures through multilingual
transformations, increasing sentence variation while
preserving semantic content. Synonym substitution,
supported by mBERT-based lexical embeddings,
enriched lexical diversity by replacing contextually

appropriate  words with semantically similar
alternatives. = Meanwhile,  paraphrasing  using
Indonesian transformer-based checkpoints
(IndoBERT/IndoGPT) exposed the models to

structurally diverse sentence formulations, promoting
better generalization across different prompt styles
while maintaining semantic consistency.
Collectively, these augmentation strategies expanded
the expressive range and linguistic coverage of the
Indonesian  corpus, contributing to improved
syntactic fluency, lexical richness, and semantic
robustness under low-resource text generation
conditions, in line with prior findings on
augmentation for LRL modeling [5], [14], [21].
Comparative Performance Analysis - The
complementary strengths observed, namely GPT-4-




mini’s fluency and LLaMA’s factual accuracy, likely
reflect differences in their underlying architectures,
alignment strategies, and multilingual training
paradigms. GPT-4-mini appears to generate smoother
and more contextually balanced outputs, whereas
LLaMA 3.1-13B-Instruct tends to prioritize content
precision and factual grounding, occasionally at the
expense of stylistic smoothness. Perplexity analysis
supports this interpretation: GPT-4-mini’s lower
perplexity (11.5) indicates stronger probabilistic
confidence in token prediction, whereas LLaMA’s
higher perplexity (12.8) suggests slightly greater
uncertainty when handling longer or more complex
syntactic structures. These findings point to a
practical trade-off between probabilistic fluency and
factual reliability, a pattern that has also been
reported in multilingual text generation research.

Semantic and Lexical Trends - Semantic
evaluation using mBERTScore confirmed GPT-4-
mini’s advantage in capturing embedding-level
similarity to reference texts, suggesting stronger
contextual alignment. At the same time, the higher
Distinct-1 and Distinct-2 scores indicate that LLaMA
3.1-13B-Instruct is less susceptible to the
degeneration phenomenon commonly observed in
neural text generation, where models repeatedly
generate identical or highly similar expressions
across outputs. This balance between semantic
precision and lexical flexibility is consistent with
previous studies [36], [37], which report that models
optimized for fluency and alignment often generate
less diverse outputs, whereas models with broader
lexical representations tend to produce greater
variation while sacrificing a small degree of stylistic
naturalness. In the present study, GPT-4-mini
demonstrated stronger semantic cohesion, while
LLaMA generated more lexically diverse and
factually grounded responses.

Human—Machine Correlation -
Correlation analysis between human ratings and
automated metrics reinforces the robustness of the
evaluation. Pearson’s correlation coefficient between
human-rated fluency and automated fluency-related
metrics (BLEU, ROUGE-L, METEOR) reached r =
0.82, indicating a strong positive relationship
between quantitative scores and human perception of
linguistic naturalness. Conversely, factual accuracy
exhibited a weaker correlation with mBERTScore (r
= 0.48), underscoring a limitation of embedding-
based similarity metrics for verifying factual
correctness. This gap highlights the importance of
incorporating human evaluation when assessing
factual quality, especially in generative tasks
involving informational or historical content.

Implications - These findings indicate that
both GPT-4-mini and LLaMA 3.1-13B-Instruct are
effective models for Indonesian low-resource text
generation under augmented data conditions, each
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exhibiting  distinct advantages. = GPT-4-mini’s
strengths in fluency, coherence, and contextual
naturalness make it well suited for educational,
conversational, and other user-facing applications
that require smooth and context-aware responses. In
contrast, LLaMA’s stronger factual grounding and
lexical diversity make it particularly suitable for
information-oriented or knowledge-intensive
generation tasks, such as historical narration or
educational content creation. More broadly, the
results demonstrate that a carefully designed dataset
augmentation pipeline can serve as an effective and
practical strategy for mitigating data scarcity,
improving linguistic coverage, and enhancing LLM
performance in LRL settings.

In summary, the comparative evaluation
reveals a complementary relationship between the
two models. GPT-4-mini excels in generating
contextually fluent, coherent, and semantically
aligned text, whereas LLaMA 3.1-13B-Instruct
demonstrates stronger factual reliability and greater
lexical diversity. Collectively, these findings
reinforce the value of dataset augmentation as a
practical mechanism for enhancing Indonesian low-
resource text generation, improving both linguistic
coverage and model generalization under data-scarce
conditions.

4. Conclusion and Future Works

This study presented a comprehensive
comparative evaluation of LLaMA 3.1-13B-Instruct
and GPT-4-mini for Indonesian low-resource text
generation under augmented data conditions, using
an augmented dataset designed to mitigate the
limitations of data scarcity. Quantitative analyses
revealed that GPT-4-mini achieved superior results in
BLEU (0.55 vs 0.52), ROUGE-L (0.64 vs 0.61),
METEOR (0.57 vs 0.54), Perplexity (11.5 vs 12.8),
and mBERTScore (0.90 vs 0.88), indicating stronger
lexical alignment, semantic coherence, and predictive
fluency. Meanwhile, LLaMA 3.1 exhibited higher
lexical diversity (Distinct-2 = 0.34 vs 0.31) and
greater factual precision according to human
evaluation. The qualitative assessment by five
independent human raters further emphasized GPT-
4-mini’s advantages in fluency (4.5 vs 4.1),
coherence (4.4 vs 4.0), and relevance (4.4 vs 4.3),
while LLaMA demonstrated slightly stronger factual
accuracy (4.5 vs 4.2). These results highlight the
complementary strengths of the two models: GPT-4-
mini’s generative naturalness and contextual
cohesion versus LLaMA’s factual rigor and
vocabulary diversity, both of which benefit
significantly from the augmented-data setting, where
complementary strategies including back-translation,
synonym substitution, and paraphrasing enrich
lexical and semantic diversity.



Future research should further investigate
how advanced augmentation strategies and
multilingual  transfer learning from related
Austronesian languages, such as Malay, Javanese,
and Tagalog, can improve Indonesian low-resource
text generation. Exploring instruction-tuning and
alignment techniques, including Reinforcement
Learning from Human Feedback (RLHF) and
contrastive prompt optimization, may further
enhance factual consistency and stylistic flexibility.
In addition, extending augmentation beyond lexical
and syntactic variation toward semantic and
contextual enrichment, together with larger-scale
human evaluation frameworks, could contribute to
the development of more robust, inclusive, and
resource-efficient LLMs for underrepresented
languages.
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ABSTRACT - Security Information and Event Management (SIEM) systems generate large
volumes of heterogeneous event logs, imposing substantial investigation workloads on Security
Operations Centers (SOCs). This study proposes an explainable framework for SIEM event analysis
and preliminary triage that emphasizes interpretability and operational applicability without requiring
labeled training data. The framework integrates descriptive and temporal analysis, structural association
analysis using Spearman correlation, K-means clustering with TF-IDF features to construct
interpretable event profiles, and explainable triage scoring based on standard SIEM indicators,
including severity, priority, confidence, and aggregated counts. Experimental evaluation using
operational SIEM logs (n=3,490 events) demonstrates 93.8% workload reduction while retaining
98.97% of high-severity events. External validation with labeled attack data (489 SQL injection
attempts and 301 brute-force attacks) prioritized 98.2% of known attacks (776/790) with a 1.8% false-
negative rate, outperforming severity-only (78.5%) and severity+priority (89.1%) baselines. The results
confirm that unsupervised event profiling combined with explainable triage scoring can prioritize
security-relevant events while filtering routine monitoring noise. The framework provides a practical,
transparent analytical baseline for SOC environments under realistic operational constraints.

KEY WORDS -- SIEM, Security event analysis, Event clustering, Explainable analytics, Event
triage, SOC operations
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1. Introduction

Modern  organizations increasingly rely on
information systems and computer networks to
support critical operations, which has led to a
corresponding rise in cybersecurity risks arising from
both external attacks and internal anomalies.
Examples of such events include port scanning
activities,  repeated  authentication  attempts,
unauthorized service access, as well as incidents
caused by misconfigurations or  software
vulnerabilities.  When  these events occur,
organizations must be capable of timely monitoring,
detection, and response in order to mitigate potential
impacts on systems and sensitive data. One of the
widely adopted infrastructures for managing security-
related information is the Security Information and
Event Management (SIEM) system. SIEM systems
collect event logs from diverse sources, such as
network devices, security appliances, endpoints, and
applications, and subsequently store, analyze, and
visualize these data to support security monitoring and
incident response [1]. Despite their ability to
centralize security event data, SIEM systems face a
fundamental operational challenge: the sheer volume
and diversity of events generated on a daily basis,
which significantly increases investigation workload
and noise within the event stream [2]. A large
proportion of events recorded in SIEM logs
correspond to routine monitoring activities, such as
recurring alerts from similar behavior patterns,
automated scanning activities, or low-severity events
that occur frequently. In contrast, events that are truly
critical and require immediate response typically
constitute only a small fraction of the total volume.
This imbalance makes event prioritization and
escalation highly time-consuming and heavily
dependent on analyst expertise, and it directly
contributes to the problem of alert fatigue in Security
Operations Centers (SOCs) [2]. If event prioritization
is not performed effectively, critical security incidents
may be overlooked or response actions may be
delayed. These challenges highlight that, while SIEM
event logs are valuable for security monitoring, they
require analytical approaches that can summarize
global event characteristics and structure large
volumes of data into interpretable forms. This need is
particularly pronounced in organizational contexts
where explainable and reusable analytical frameworks
are preferred over opaque decision-making processes,
consistent with established findings in explainable
artificial intelligence and human-centered security
analytics [3]. Common analytical approaches in
security event analysis include descriptive analysis to
summarize event trends and frequencies, structural
association analysis of key indicators such as severity
levels or correlated event counts, and clustering
techniques to construct event profiles that reduce data
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complexity to a manageable and interpretable level. In
particular, the integration of structured indicators with
text-derived representations, such as term frequency—
inverse document frequency (TF-IDF), combined with
clustering algorithms (e.g., k-means), has been widely
adopted for summarizing large-scale security logs and
related textual event records [5], [6].

Although machine learning techniques have
been increasingly explored to automate event
prioritization and detection, their deployment in real-
world security operations remains constrained by
several factors. These include the scarcity of high-
quality labeled data, the inherent mismatch between
closed-world learning assumptions and operational
security environments, and the limited robustness of
trained models when exposed to unseen behaviors [7].
Additional  challenges include the limited
explainability of many machine learning models, the
presence of concept drift caused by evolving system
configurations and attacker strategies, and the
continuous maintenance burden associated with
retraining and validating models in dynamic
environments [3], [4]. Consequently, many
organizations still require analytical and triage
frameworks that can be applied immediately, remain
interpretable to human analysts, and serve as a
foundation for more advanced automation in later
stages [2].

Motivated by these considerations, this study
proposes a structured approach for analyzing SIEM
event logs that begins with controlled data preparation
to preserve the characteristics of real operational
events. The methodology then applies descriptive and
temporal analysis to explain event occurrence
patterns, followed by structural association analysis to
examine relationships among key SIEM indicators.
Event clustering is subsequently employed to
construct meaningful event profiles, and a preliminary
triage framework is designed using existing SIEM
indicators to compute interpretable triage scores. The
framework is evaluated from an operational
perspective, focusing on its ability to reduce
investigation workload while retaining high-severity
events.

The objectives of this study are threefold: (1) to
analyze and summarize SIEM event log
characteristics in temporal and structural dimensions,
(2) to construct interpretable event profiles through
clustering that integrates structural and textual
features, and (3) to propose and evaluate an
explainable preliminary triage framework in terms of
investigation workload reduction and retention of
high-severity events. The scope of this study focuses
on SIEM event logs collected from a real operational



environment and emphasizes explainable analysis and
preliminary triage rather than supervised prediction or
prioritization performance evaluation. This scope is
intended to establish a clear analytical baseline that
can be systematically extended in future research.

The remainder of this paper is organized as
follows. Section 2 reviews related work on SIEM
analytics and event clustering. Section 3 describes the
research methodology and data analysis procedures.
Section 4 presents the experimental results, followed
by discussion and practical implications in Section 5.
Finally, Section 6 concludes the paper and outlines
directions for future research.

2. Related Work

Security Information and Event Management
(SIEM) systems constitute a  fundamental
infrastructure  for monitoring and managing
cybersecurity events by collecting and processing
event logs from heterogeneous sources, including
network devices, servers, and application systems. As
discussed in Section 1, SIEM platforms enable
centralized visibility over security-relevant activities;
however, converting large volumes of heterogeneous
and noisy log data into actionable decision support
remains a major operational challenge [1], [2].
Standardization-oriented references, such as NIST
Special Publication 800-92, emphasize best practices
for log management—including time synchronization,
secure storage, integrity preservation, and retention
policies—to ensure that logs can be reliably used for
incident investigation and forensic analysis [8]. While
such standards establish an essential operational
baseline, they do not prescribe data-driven analytical
methods or systematic mechanisms for event
summarization, prioritization, or triage.

From a data analytics perspective, clustering has
been widely studied as a means to reduce the
complexity of large-scale security logs and to identify
recurring patterns. Landauer et al. provide a
comprehensive survey of log clustering approaches in
cybersecurity applications, covering distance-based,
density-based, and hierarchical techniques applied to
system and security logs [9]. Their survey highlights
clustering as a practical unsupervised strategy for
structuring massive log datasets in the absence of
labels. Nevertheless, it also identifies critical
limitations for operational adoption: clustering results
are often difficult to interpret for analysts, and feature
selection strongly influences the semantic meaning
and usefulness of the resulting clusters [9]. These
findings suggest that clustering alone is insufficient
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for  supporting analyst  workflows  unless
complemented by interpretable summaries or profiles.

Several applied studies have explored machine
learning techniques for SIEM log analysis,
particularly the integration of unstructured textual log
fields with structured indicators. A common approach
involves transforming textual attributes (e.g., event
names or descriptions) into vector representations
using term frequency—inverse document frequency
(TF-IDF) weighting [6], followed by clustering
algorithms such as K-means [12]. Tendikov et al.
demonstrate that such SIEM-oriented analytics
pipelines can efficiently group events with similar
patterns at relatively low computational cost, making
them attractive as baseline analytical methods in
operational environments [5]. However, these studies
primarily focus on algorithmic feasibility or grouping
performance and pay limited attention to how the
resulting clusters can be operationalized as
interpretable event profiles that directly support
investigation and triage activities in Security
Operations Centers (SOCs) [5], [9].

Beyond event grouping, alert prioritization and
triage have emerged as critical research areas in
response to alert fatigue and excessive investigation
workloads, as highlighted in Section 1 [2]. Wang et al.
propose AlertPro, a context-aware alert prioritization
framework that leverages alert sequences, contextual
signals, and feedback mechanisms to improve triage
efficiency in SOCs [10]. Complementing this line of
work, Jalalvand et al. provide a systematic survey of
alert prioritization criteria and methods, revealing
substantial diversity in prioritization strategies and
emphasizing the strong influence of data availability,
contextual enrichment, and organizational constraints
on practical deployment [11]. While these approaches
demonstrate the potential benefits of prioritization,
they often assume the availability of rich contextual or
historical information that may not be consistently
present across different SIEM deployments, thereby
limiting their general applicability.

To avoid citation inconsistency and clarify the
methodological positioning of this study, Table 1
summarizes representative prior work using only
studies that are included in the reference list. The
comparison focuses on log management, SIEM
analytics, log clustering, alert prioritization, and
explainable security analytics. These studies
collectively show that existing approaches often
address event collection, clustering, prioritization, or
explainability as separate components, whereas this
study integrates unsupervised event profiling with an
explainable triage scoring mechanism using
commonly available SIEM indicators.
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Granadillo et
al. [1]

trend review

Study Main focus Method / Approach Key contribution Limitation / Gap related to
this study
Gonzalez- SIEM systems SIEM analysis and Summarizes SIEM usage, Does not provide a

trends, and challenges in
security monitoring

lightweight event profiling
and triage framework

NIST SP 800-
92 [8]

Log management

Operational guideline

Provides best practices
for log collection,
storage, integrity, and
retention

Focuses on log
management practice
rather than data-driven
event profiling

Landauer et
al. [9]

Log clustering

Survey of clustering
approaches

Shows that clustering is
useful for reducing log
complexity in
cybersecurity

Highlights interpretability
and feature selection
challenges

Tendikov et

SIEM analytics

Machine-learning-

Demonstrates practical

Limited connection

al. [5] based SIEM data analytics pipelines for between clustering outputs
acquisition and SIEM data and SOC triage decisions

analysis
Wang et al. Alert prioritization Context-aware alert Addresses alert fatigue Requires richer contextual
[10] prioritization through prioritization of and historical information

security alerts

Jalalvand et
al. [11]

SOC alert
prioritization

Systematic survey

Summarizes prioritization
criteria and methods in
SOC environments

Shows lack of a unified
lightweight baseline for
heterogeneous SIEM
settings

This study

Explainable SIEM
event profiling and
triage

TF-IDF + K-means
event profiling +
fixed-weight triage

Integrates unsupervised
event profiles with
explainable preliminary

Limited to a single-day
primary dataset and two
labeled attack categories

scoring

triage

As summarized in Table 1, prior studies provide
important foundations for SIEM monitoring, log
management, clustering, and alert prioritization.
However, many approaches either focus on
operational log management, algorithmic clustering,
or context-heavy prioritization. This study addresses
the gap by proposing a lightweight and explainable
framework that connects unsupervised event profiling
with preliminary triage scoring without requiring

labeled training data or complex contextual
enrichment.
3. Methodology

This study aims to develop a structured and
explainable approach for analyzing Security
Information and Event Management (SIEM) event
logs in order to support the understanding of security
event characteristics and preliminary event triage in
real operational settings. The methodological design
emphasizes interpretability, reliance on commonly
available SIEM indicators, and systematic
reproducibility, enabling the proposed approach to be
applied and extended across diverse organizational
contexts
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3.1 Conceptual Research Framework

The conceptual framework is organized as a sequential
pipeline from raw SIEM event logs to decision-
support outputs. It consists of data preparation,
descriptive analysis, exploratory analysis, structural
association analysis, event profiling via clustering,
preliminary triage scoring, and validation with labeled
attack data. Descriptive analysis summarizes event
volume and temporal distribution, whereas
exploratory analysis examines contextual event
composition, including event -categories, source
countries, destination ports, device or product types,
and textual characteristics. Raw SIEM logs are first
converted into an analytical dataset through timestamp
parsing, data type conversion, missing-value handling,
preservation of potentially anomalous values, and
consolidation of textual fields. The transformed data
are then represented using standardized SIEM
indicators and TF-IDF textual features for clustering
and triage scoring. This framework is intended to
support SOC analysts by transforming large volumes
of raw events into interpretable profiles and prioritized
investigation outputs, rather than replacing analyst
judgment.
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Figure 1. Conceptual framework and data
construction pipeline for explainable SIEM event
profiling and preliminary triage.

As shown in Figure 1, each analytical stage produces
outputs that support the next stage, enabling
transparent decision support for SOC analysts. The
framework transitions from data preparation to event
profiling and triage scoring, while remaining
grounded in standard SIEM indicators and
interpretable analytical outputs.
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3.2 Research Questions and Hypotheses

To guide the analysis in a systematic and reproducible
manner, this study defines research questions and
hypotheses that are examined using empirical
evidence, with an emphasis on structural
characteristics and operational applicability rather
than predictive performance. This methodological
choice reflects the absence of ground-truth event
labels in the primary SIEM dataset and aligns with the
exploratory and descriptive nature of the proposed
framework. The research questions and hypotheses
are explicitly aligned with the sequential stages of the
conceptual framework described in Section 3.1,
encompassing data  characterization, structural
association analysis, event profiling via clustering,
evaluation of the preliminary triage framework, and
validation with labeled attack data. To enhance clarity,
traceability, and consistency between analytical
objectives and methodological design, the research
questions and their corresponding hypotheses are
summarized in Table 2, together with their analytical
focus and associated framework stages.

Table 2.Research questions and hypotheses aligned with the conceptual framework

RQ/Hypothesis Research Question Hypothesis Framework Stage
RQI1 /H1 What are the temporal SIEM event logs exhibit interpretable Descriptive and
characteristics and overall temporal patterns with observable temporal temporal analysis
patterns of SIEM event concentrations and event composition
logs? characteristics.
RQ2/H2 What structural Event severity levels and correlated or Structural association
associations exist among aggregated event counts exhibit meaningful analysis
commonly used SIEM associations from an operational perspective.
indicators?
RQ3/H3 Can event clustering Integration of structural and textual SIEM Event profiling via
produce interpretable event features enables the construction of distinct clustering
profiles with practical and interpretable event profiles with
significance? practical significance.
RQ4 /H4 Does the preliminary triage An explainable triage framework based on Preliminary triage
framework achieve standard SIEM indicators achieves a evaluation
workload reduction while favorable trade-off between efficiency and
retaining high-severity risk.
events?
RQ5/HS Can the framework The framework achieves high prioritization Validation with labeled
effectively prioritize rates for labeled attacks while maintaining attack data
genuine security incidents workload reduction, demonstrating effective
when validated with differentiation between genuine security
labeled attack data? incidents and routine events.

3.3 Data Source and Scope of the Study

The primary dataset consists of 3,490 SIEM event logs
collected from a real operational environment within
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a single-day observation window. The dataset
contains structured SIEM indicators, including
severity, priority, confidence or relevance score,
device or product information, event categories, and




correlated or aggregated event counts, as well as
unstructured textual fields such as event names and
descriptions. The primary dataset is unlabeled and is
therefore used for descriptive analysis, exploratory
analysis, structural association analysis, unsupervised
event profiling, and preliminary triage evaluation. The
raw SIEM logs were converted into an analytical
dataset through a controlled preparation pipeline. This
included timestamp parsing, numerical type
conversion, missing-value handling, preservation of
potentially anomalous values, and consolidation of
textual fields for TF-IDF feature extraction.
Descriptive analysis was then used to summarize
event volume and temporal distribution, whereas
exploratory analysis examined event composition,
including behavioral categories, source countries,
destination ports, device or product types, and
recurring textual characteristics.

Supplementary labeled attack data, consisting of
SQL injection attempts and brute-force authentication
attacks, were used only for external validation of the
triage framework. These labeled events were not used
to train the clustering model, optimize triage weights,
or adjust the triage threshold. This design preserves
the label-free nature of the proposed framework while
allowing its prioritization capability to be assessed
under realistic SOC conditions.

3.4 Structural and Association Analysis

Given the skewed distributions and the presence of
outliers commonly observed in SIEM event data, this
study employs non-parametric statistical analysis to
examine structural relationships among key SIEM
indicators. In particular, associations between event
severity levels and correlated or aggregated event
counts are analyzed using Spearman's rank correlation
coefficient (p), which is defined as:
p=1-(63d%)/(n(n-1)) (1
where d; denotes the difference between the ranks of
paired observations for event 7, and n represents the
total number of events. Spearman's rank correlation is
suitable for ordinal variables such as severity levels
and does not require assumptions of normality or
linearity, making it appropriate for analyzing SIEM
data characterized by non-Gaussian distributions and
extreme values [13].

The objective of this analysis is not to infer causal
relationships, but to provide empirical justification for
the selection of structural indicators wused in
subsequent analytical stages. Specifically, the
observed associations support data-driven decisions
regarding which indicators are integrated into event
clustering and preliminary triage scoring. In this sense,
the structural association analysis serves as a
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methodological ~ bridge  between  descriptive
characterization of SIEM events and the construction
of interpretable event profiles in later stages of the
framework.

3.5 Event Profiling via Clustering

Event clustering was used to construct interpretable
event profiles by combining structured SIEM
indicators with textual features extracted from event
names and descriptions. Textual fields were
represented using TF-IDF [6], while structured
indicators included severity, priority, confidence or
relevance score, and correlated or aggregated event
count. Numerical indicators were standardized before
concatenation with TF-IDF features to reduce scale
bias. The number of clusters k was determined using
the silhouette coefficient, which provides an internal
validation measure of clustering structure and
supports data-driven selection of an appropriate
cluster granularity. For an event i, the silhouette
coefficient s(i) is defined as:
8(i) = (b(i) - a(y)) / max{a(i), b(i)} @
where a(i) denotes the average distance between
event i and all other events within the same cluster,
and b(i) represents the minimum average distance
between event i and events in the nearest neighboring
cluster. Values of s(i) range from —1 to 1, with higher
values indicating better separation between clusters
[14].

K-means was adopted as a transparent baseline
clustering method [12]. The number of clusters was
selected using silhouette-guided assessment [14]
together with interpretability considerations. The final
configuration used k = 10, producing ten event
profiles labeled Cluster 0 to Cluster 9. A fixed random
seed and multiple centroid initializations were used to
improve reproducibility and reduce sensitivity to
initialization.

The resulting clusters were interpreted as event
profiles rather than attack-type labels. Each profile
was summarized using cluster size, dominant
behavior, dominant device or product, average
priority, average confidence, and representative
textual characteristics. These profiles serve as
interpretable abstractions of recurring SIEM event
patterns and provide inputs to the preliminary triage
framework.

3.6 Preliminary Triage Framework and
Evaluation

The preliminary triage framework is designed to
reduce investigation workload while retaining critical
security events, in alignment with the operational



objectives of Security Operations Centers (SOCs). To
this end, a triage score is computed using standard
SIEM indicators, without optimizing parameter
weights, in order to preserve transparency and
interpretability. For each event i, the triage score is
defined as:

Triage Score; = wi-S; + w2'P; + ws-C; + we'log(1 + A)

A3)

In Equation (3), S: denotes the event severity
level, P; represents the event priority, Cicorresponds to
a normalized confidence or relevance score provided
by the SIEM system, and 4; is the number of correlated
or aggregated events associated with event i. Reported
immediately here for structural transparency, the fixed
weights are defined as w; = 1.0, w>=0.8, w3 = 0.5, and
wy = 0.3. These values were not learned from the
dataset and were not optimized to maximize detection
performance. Instead, they were defined as an analyst-
oriented prioritization policy to preserve transparency,
reproducibility, and operational interpretability.
Aggregated event count receives the lowest direct
weight because frequent correlation can indicate
coordinated or repeated activity, but raw count values
may be highly skewed in SIEM environments.

A logarithmic transformation, log(1 + Ai), was
therefore applied to the aggregated event count term
to reduce the influence of extreme values while
preserving monotonicity. This design allows events
with larger correlated counts to contribute
meaningfully to the triage score without allowing
high-volume routine events to dominate the
prioritization process. The scoring framework is
therefore intended as an explainable triage heuristic
rather than a learned predictive model. This fixed-
weight design avoids dataset-specific parameter
tuning and supports direct interpretation of the triage
score. For example, an event receives a higher score
when it has higher severity, higher operational
priority, stronger confidence, or a larger number of
correlated events. Because each component is based
on commonly available SIEM indicators, the resulting
score can be inspected and explained to analysts
without requiring complex model interpretation.

Evaluation of the preliminary triage framework
focuses on two operationally relevant criteria. First,
workload reduction is measured by the proportion of
events excluded from manual investigation when
applying the triage score threshold. Second, retention
of critical events is assessed by examining the
presence and proportion of high-severity events within
the prioritized subset. Together, these criteria reflect
the trade-off between efficiency and risk that SOC
analysts routinely manage. To enhance reliability and
traceability, all intermediate datasets, analytical
outputs, and evaluation results are preserved in
reusable file formats. Algorithmic parameters, scoring
weights, and initialization settings are explicitly
documented, enabling systematic reproduction and
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comparative analysis in future studies. This approach
promotes transparency and repeatability while
avoiding reliance on dataset-specific parameter
optimization.

3.6.1 Validation Procedure with Labeled Attack
Data

To evaluate the triage framework’s prioritization
capability, the supplementary labeled attack data were
processed through the same analytical pipeline used
for the primary SIEM events. The validation data were
used only for external assessment and were not used
to retrain the clustering model, update cluster
centroids, optimize triage weights, or adjust the triage
threshold. The validation procedure consisted of three
steps. First, labeled SQL injection and brute-force
authentication events were transformed into the same
analytical schema as the primary SIEM dataset,
including severity, priority, confidence, textual
descriptions, and aggregated event counts. Second, the
transformed events were assigned to the existing ten
event profiles generated by the primary K-means
model without retraining or updating centroids. Third,
triage scores were computed using Equation (3) with
the same fixed weights defined in Section 3.6.

Validation performance was assessed using
attack prioritization rate, false-negative rate, and
category-specific prioritization rate. This procedure
reflects a realistic SOC scenario in which newly
observed events are mapped to existing event profiles
and prioritized using a transparent triage policy rather
than a retrained supervised classification model.

4. Results

The experimental results are presented in accordance
with the defined research questions (RQ1-RQ5) and
their corresponding hypotheses, in order to
demonstrate consistency between the conceptual
framework, the methodological design described in
Section 3, and the empirical evidence obtained from
real SIEM event logs. Each subsection reports results
derived directly from the analytical procedures
outlined in the Methodology and is supported by
figures and tables generated from the processed
dataset.

4.1 Temporal Characteristics and Overall
Event Patterns (RQ1/ H1)

To address RQIl, the analysis begins with an
examination of the temporal characteristics of SIEM
event logs, following the descriptive and temporal
analysis stage. This stage aims to establish a global
understanding of event occurrence patterns within the
available observation window and to assess whether
the data exhibit interpretable temporal structures



suitable for further analysis. Figure 2 illustrates the
daily event volume recorded by the SIEM system
during the observed period. As shown in the figure, a
total of 3,490 events were recorded on January 5,
2026, indicating that the system continuously
generated security-related events at a high frequency
throughout the day. Because the dataset represents a
single-day snapshot, the analysis in this subsection
focuses on descriptive characterization of event
volume within the available temporal scope, rather
than on identifying long-term trends or seasonal
effects. This scope is consistent with the data source
constraints described in Section 3.3 and avoids
overinterpretation beyond the temporal limits of the
dataset.
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Figure 2. Daily event volume from SIEM logs
(single-day snapshot).

To further examine intraday temporal patterns,
event frequencies were analyzed across weekdays and
hours, as described in the temporal analysis procedure.
Figure 3 presents a heatmap of event frequency by
weekday and hour, illustrating the distribution of
events within the observed day. Although the temporal
scope is limited, the results reveal non-uniform event
distributions, with events concentrated during specific
hours rather than evenly spread across the day. Such
temporal concentration reflects typical SIEM
operational behavior, where event generation is
influenced by system usage patterns, automated
monitoring processes, and scheduled activities within
the monitored environment.

These observations support Hypothesis HI,
which posits that SIEM event logs exhibit
interpretable temporal patterns with observable
temporal concentrations. Importantly, the identified
temporal structures provide contextual grounding for
subsequent analytical stages, including structural
association analysis (Section 4.2) and event profiling
via clustering (Section 4.3). By confirming the
presence of meaningful temporal characteristics at the
descriptive level, this subsection establishes that the
dataset is suitable for deeper structural and profiling
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analyses, as envisioned in the conceptual framework
(Figure 1).

3000
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count
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Figure 3. Heatmap of event frequency by day and
hour.

4.2 Structural Associations Among SIEM
Indicators (RQ2 / H2)

To address RQ2, this subsection examines
structural associations among commonly used SIEM
indicators, following the non-parametric association
analysis. Specifically, the relationship between event
severity and the number of correlated or aggregated
events is analyzed using Spearman’s rank correlation
coefficient, which is suitable for ordinal variables and
skewed SIEM data distributions.

The Spearman correlation analysis showed a
positive association between event severity and
correlated or aggregated event counts (n = 3,490). This
result indicates that higher-severity events tended to
be associated with a larger number of related events.
The correlation result is not interpreted as evidence of
causality; rather, it provides empirical justification for
including aggregated event count together with
severity in the subsequent clustering and preliminary
triage scoring stages.

4.3 Event Clustering and Event Profile
Construction (RQ3 / H3)

To address RQ3, this subsection reports the results of
event clustering performed using the integration of
structural indicators and textual features. The
objective of this analysis is not to optimize clustering
performance, but to construct interpretable event
profiles that summarize recurring SIEM event patterns
in a form suitable for operational use. The clustering
results show that STIEM events can be partitioned into
multiple groups with distinct structural and behavioral
characteristics.

The distribution of events across clusters is
illustrated in Figure 4, which reveals a highly
imbalanced cluster size distribution. A small number



of clusters contain the majority of events, while
several clusters are substantially smaller. This pattern
is characteristic of real-world SIEM environments,
where routine monitoring activities generate large
volumes of repetitive, low-severity events, whereas
potentially significant or specialized events occur less
frequently. Specifically, as shown in Figure 4, the
largest cluster (Cluster 0) dominates the dataset,
indicating a concentration of common and repetitive
event types. Additional medium-sized clusters (e.g.,
Clusters 2 and 6) capture secondary patterns of
recurring behavior, while multiple small clusters
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represent rare or distinctive event structures. This
separation suggests that clustering effectively
differentiates between high-frequency operational
noise and lower-frequency events with potentially
higher analytical relevance. To facilitate operational
interpretation, the characteristics of each cluster are
summarized as event profiles, presented in Table 3.
Each profile aggregates key attributes of the
corresponding cluster, including the number of events,
dominant behavioral category, dominant device or
product, average priority, and average model
confidence.

Table 3. Summary of event profiles derived from clustering analysis.

Cluster Number of Dominant Behavior
Events
0 1850 Unknown
2 555 Unknown
6 426 /Access/Stop
7 264 Unknown
1 195 Unknown
3 137 /Communicate/Query
9 49 Unknown
4 23 Unknown
8 2 /Execute/Response
5 1 /Execute/Response

As shown in Table 3, clusters with large event
counts (e.g., Clusters 0 and 2) are dominated by
generic or “Unknown” behaviors with moderate
average priority, reflecting routine SIEM monitoring
noise. In contrast, smaller clusters (e.g., Clusters 1, 4,
8, and 5) exhibit higher average priority values and are
associated with specific devices or products, such as
NAXSI or ArcSight. Although these clusters contain
relatively few events, their distinct structural
characteristics highlight their potential operational
relevance, particularly in the context of event
prioritization. Overall, the combined evidence from
Figure 4 and Table 3 demonstrates that event
clustering effectively reduces the complexity of large-
scale SIEM data by organizing events into a
manageable number of interpretable profiles. These
profiles provide structured representations of event
behaviors that support analyst sense-making and
directly inform the preliminary triage framework
presented in Section 4.4. Accordingly, the results in
this subsection support Hypothesis H3, confirming
that the integration of structural and textual SIEM
features enables the construction of distinct and
interpretable event profiles with practical significance.
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Dominant Avg. Avg. Model

Device/Product Priority Confidence
OBS 3.00 0.00
OBS 3.00 4.00
Unix 3.02 0.00
Threat inSights 3.00 0.00
NAXSI 7.00 3.96
Apache 3.00 0.00
WebServer 2.61 0.00
ArcSight 4.52 0.00
ArcSight 5.00 0.00
ArcSight 5.00 0.00
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Figure 4. Distribution of events across clusters.

4.4 Evaluation of the Preliminary Triage
Framework (RQ4 / H4)

To address RQ4, the preliminary triage framework is
evaluated using the operational criteria defined in
Section 3.6, namely investigation workload reduction
and retention of critical events. The evaluation applies
the triage score to rank all SIEM events and selects a
prioritized subset for analyst investigation. Figure 5
illustrates the effect of the triage mechanism on
investigation workload. By selecting the top 216
events based on the triage score—corresponding to
6.17% of the total event volume—the framework
excludes approximately 93.83% of events from
manual investigation. This substantial reduction
demonstrates that the proposed indicator-based



scoring mechanism effectively filters routine and low-
priority events, yielding a manageable investigation
set without requiring supervised learning or dataset-
specific parameter optimization.

In addition to workload reduction, the framework
is evaluated in terms of its ability to retain critical
events. As shown in Figure 6, of the 195 high-severity
events present in the dataset, 193 events (98.97%) are
retained within the shortlisted subset after triage. This
result indicates that the aggressive reduction in
investigation volume does not disproportionately
exclude high-severity events.
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Figure 5. Effect of the triage mechanism on
investigation workload.

Taken together, these results support Hypothesis
H4, confirming that an explainable triage framework
based on standard SIEM indicators can achieve a
favorable trade-off between efficiency and risk.
Importantly, the framework operates without
supervised learning, dataset-specific parameter
optimization, or complex contextual enrichment,
aligning with the design objectives outlined in Section
3.6. The high retention rate of critical events,
combined with substantial workload reduction,
demonstrates the practical utility of the proposed
approach as a baseline decision-support mechanism in
operational SIEM environments.
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Figure 6. Retention of high-severity events under the
preliminary triage framework.

4.5 Validation with Labeled Attack Data
(RQ5/ HS)

To externally validate the triage framework,
supplementary labeled attack data were processed
using the same analytical pipeline as the primary
SIEM dataset. The labeled data included 489 SQL
injection attempts and 301 brute-force authentication
attacks. These events were used only for validation
and were not used to train the clustering model, update
centroids, optimize weights, or adjust the triage
threshold.

The transformed attack events were assigned to
the existing ten event profiles, Cluster 0 to Cluster 9,
generated by the primary K-means model. This
preserves consistency between the unsupervised event
profiling stage and the validation analysis. Brute-force
authentication events were mainly associated with
repeated authentication patterns, whereas SQL
injection attempts were distributed across several
existing event profiles due to their more diverse
textual characteristics. Figure 7 shows the distribution
of labeled attack events across the existing ten event
profiles.

Attack Type
301 B Sq rjection
B Gruteforce Authertication

Number of Events
B B

H

8

3 a 5 6
Cluster ID (Centroid of Primary Model)

Figure 7. Distribution of labeled attack events across
the existing ten event profiles generated by the
primary K-means model.



Triage scores were computed for all labeled
attack events using Equation (3) with the same fixed
weights used in the primary triage evaluation. Table 4
summarizes the prioritization performance of the
preliminary triage framework on the labeled attack
validation data.

The framework prioritized 776 of 790 labeled
attack events, yielding an overall attack prioritization
rate of 98.2% and a false-negative rate of 1.8%. SQL
injection attempts were prioritized at 97.1%
(475/489), while brute-force authentication attacks
were prioritized at 100.0% (301/301). All 14 false
negatives were SQL injection attempts with relatively
low aggregated event counts and triage scores just
below the threshold. Figure 8 summarizes the
prioritization performance across attack categories.
Table 4. Triage framework prioritization
performance on labeled attack validation set

Attack Total  Priorit P;f(f:f‘ NS a;if .
Category Events ized z gatv
Rate S
SQL . 14
Injection 489 475 97.1% (2.9%)
Brute-force
Authentica 301 301 12?'0 0 (0.0%)
tion 0
14
0,
Overall 790 776 98.2% (1.8%)

To assess the contribution of the integrated triage
framework beyond simpler prioritization heuristics,
Table 5 compares prioritization performance across
different prioritization strategies applied to the labeled
attack validation set.

(a) Overall Prioritization Performance (b) Prioritization Performance by Attack Category

(790 total labeled attacks) g
900 W Fxcluded / Filtered Out

14

Number of Events

Brute-force Authentication
(n=301)

Overall
(n=790)

SQL Injection
(n=489)

Prioritized
776 events (98.2%)

Figure 8. Prioritization performance summary
across labeled attack categories.

Table 5 shows that the proposed framework
outperformed random selection, severity-only, and
severity-plus-priority baselines under the same 6.17%
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workload allocation. The proposed framework
achieved 98.2% attack prioritization with a 1.8%
false-negative rate, compared with 78.5% for severity-
only and 89.1% for severity-plus-priority. This result
indicates that combining severity, priority,
confidence, aggregated event count, and clustering-
derived profiles provides stronger prioritization
performance than simpler heuristics.

Table 5. Comparison of prioritization strategies on
labeled attacks

Prioritization Attack False
Strate Workload | Prioritiza Negative
& tion Rate Rate
Random o 6.2% + ,
Selection 6.17% 2.1% 93.8%
Severity Only 6.17% 78.5% 21.5%
Sf)fgﬁty; 6.17% 89.1% 10.9%
Proposed
Framework 6.17% 98.2%, 1.8%
(Full)

Note: All strategies assume consistent 6.17% workload
allocation. Random selection prioritization rate represents
mean =+ standard deviation from 100 iterations. The
proposed  framework  integrates  severity,  priority,
confidence, aggregated event counts, and clustering-based
profiles

The validation analysis using labeled attack data
confirms that the proposed triage framework achieves
a favorable balance between workload reduction and
prioritization performance. With a 98.2% attack
prioritization rate for known attacks and only 1.8%
false negatives, the framework demonstrates practical
viability for operational deployment in SOC
environments. The integration of event clustering,
structural indicators, and explainable triage scoring
enables effective prioritization of genuine security
incidents while filtering routine monitoring noise,
without requiring supervised learning, extensive
labeling infrastructure, or complex contextual
enrichment.

The observed false negatives (n=14, all SQL
injection attempts) highlight specific operational
scenarios where the current framework exhibits
limitations: initial reconnaissance attempts with low
correlation counts before sustained attack patterns
emerge, and events receiving moderate severity
assignments from source systems. These findings
suggest potential avenues for future enhancement,
such as incorporating rare event detection heuristics or
adaptive threshold mechanisms that account for
temporal attack evolution. Nonetheless, the validation
results provide strong empirical support for the
framework's core objective: supporting analyst



decision-making through transparent, interpretable,
and effective event triage under realistic operational
constraints.

To consolidate the alignment between the
research questions, the conceptual framework, and the
empirical findings, Table 6 presents a structured
mapping of the analytical stages and their
corresponding supporting evidence. This table
provides a high-level synthesis of the results reported
in Sections 4.1-4.5 and is intended to emphasize
traceability rather than to introduce new experimental
findings. As summarized in Table 6, each research
question is addressed through a clearly defined
analytical stage within the conceptual framework, and
each stage is supported by empirical evidence derived
from real SIEM log data. This mapping demonstrates
the internal consistency of the proposed methodology
and confirms that the analytical pipeline—from
descriptive characterization to preliminary triage—
operates as intended. Collectively, the results establish
a coherent empirical foundation for the discussion of
implications, limitations, and future research
directions presented in the subsequent section.

Table 6. Mapping between research questions,
framework stages, and supporting evidence.

l(;fls:siirgﬁ Fra;r:;;&;ork Supporting Evidence

RQI Descriptive Figure 2-3: 3,490
& Temporal = events (single-day
Analysis snapshot) with

interpretable temporal
concentration and
event composition
patterns

RQ2 Structural & | Positive Spearman
Association association (n =
Analysis 3,490).

RQ3 Event Table 3 and Figure 4:
Profiling via | Distinct and
Clustering interpretable event

profiles with
operational
significance

RQ4 Preliminary Figure 5-6: 93.8%
Triage workload reduction
Evaluation with 98.97% retention

of high-severity
events

RQ5 Validation Table 4-5, Figure 7—
with Labeled | 8: 98.2% attack
Attack Data prioritization rate for
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Framework
Stage

Research

Question Supporting Evidence

labeled attacks
(776/790) with 1.8%
false negative rate

5. Discussion

The results demonstrate that the proposed
framework can reduce SIEM investigation workload
while preserving analyst-relevant security events.
Descriptive and exploratory analysis characterize the
operational event environment, while clustering
converts heterogeneous logs into interpretable event
profiles. The triage score then provides a transparent
prioritization mechanism based on severity, priority,
confidence, and aggregated event count. This design
is suitable for SOC settings where labeled training
data may be limited but explainable decision support
is required.

Although the primary operational dataset is
unlabeled and limited to a single-day snapshot,
supplementary labeled attack data were used for
external validation of prioritization performance. The
validation results indicate that the framework can
prioritize most labeled attack events without retraining
the clustering model or tuning triage parameters.
Nevertheless, the study remains limited by the short
observation window and validation using only two
attack categories. Future work should evaluate longer-
term SIEM datasets, broader attack types, and analyst-
in-the-loop deployment.

6. Conclusion

This study proposed an explainable framework
for SIEM event profiling and preliminary triage using
commonly available SIEM indicators and textual
event information. The framework integrates data
preparation, descriptive and exploratory analysis,
structural association analysis, K-means-based event
profiling, and fixed-weight triage scoring. Its main
contribution is a transparent and label-free analytical
baseline that supports early-stage event prioritization
without requiring supervised model training.

Experimental results using 3,490 operational
SIEM events showed that the proposed triage
framework reduced the investigation workload by
93.8% while retaining 98.97% of high-severity events.
External validation using labeled attack data further
showed that the framework prioritized 98.2% of
known attacks, including SQL injection and brute-
force authentication events, without using these
labeled data for training or parameter optimization.



Overall, the results indicate that unsupervised
event profiling combined with explainable triage
scoring can provide practical decision support for
SOC analysts under realistic operational constraints.
The main limitations are the single-day primary
dataset and validation using only two attack
categories. Future work should evaluate longer
observation periods, broader attack types, and analyst-
in-the-loop deployment while preserving the
framework’s interpretability.
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ABSTRACT - This research aims to design and develop an advanced interactive holographic
display system to enhance the medical history learning-oriented museum experience at the Yellow
Building, Vajira Hospital Museum. The project introduces three innovative features to tackle challenges
associated with touch-based interfaces in hygienic environments and the limitations of conventional
exhibitions. First, it employs a 45-degree plane reflection hardware architecture utilizing top-down
projection to generate high-fidelity volumetric visuals at eye level. Second, it incorporates a choice-
based branching narrative delivered by fictional digital characters acting as virtual guides, promoting
visitor engagement. Lastly, it implements 100% touchless interaction through Ultraleap sensors and
Touch Free software, positioned at a 45-degree angle via Snap Mounts for precise "Air Cursor"
navigation. We want to make a working digital exhibition prototype that clearly shows the Results
indicate that most participants historical importance of the Yellow Building while also making it easier
for people to remember information and enjoy their visit. This study also lays out an important plan for
how to use Natural User Interfaces (NUI) in modern museums, carefully balancing immersive user
experiences with strict public health safety standards.

KEY WORDS -- holographic, air-gesture, decision-making storytelling, digital museum, contactless
interaction

1. Introduction approach redefines the role of the visitor, transforming
them from passive observers into active participants
who engage in exploration and knowledge
construction. Technology also bridges the gap
between education and management; by analyzing
visitor behavior across both digital and physical
platforms, museums can make data-driven
improvements to their services. Furthermore, virtual
tourism eliminates physical and time-based barriers,
making cultural heritage accessible to a global
audience [8][9]. The use of digital storytelling
concepts in conjunction with inquiry-based learning
on mobile devices allows learners to connect personal
stories with exhibited objects, transforming visitors
into "authors" of their own experiences. This
document provides a comprehensive overview
demonstrating that technology is not merely a tool but
an essential mechanism for transforming museums
into sustainable and dynamic learning environments
for the future, encompassing innovations in 3D
display hardware, user interface design, storytelling
techniques, and data utilization for management.

Museums are moving away from being static
warchouses toward becoming active learning hubs
[1][2]. This change involves more than just upgrading
hardware; it involves creating a "smart" environment
where digital data and physical artifacts collaborate.
Museums may provide interactive experiences that are
simply unmatched by traditional, static exhibitions by
combining these two worlds [3]. Specifically, optical
innovations like the use of adjustable focal length
lenses have revitalized and advanced the development
of 3D display and pseudo-holography technologies
based on Pepper's Ghost. The presentation of three-
dimensional floating objects can be rendered more
realistic and natural by layering PDLC film to address
depth perception conflicts and reduce eye strain
[4][5][6]. In addition to display development, human-
computer interaction is also crucial for drawing
attention. Comparing tangible interfaces and mid-air
gestures helps identify the optimal balance between
intuitive use and visitor engagement [7]. This
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2. Proposed Techniques and
Implementation

This study involves the design of a smart museum,
which will integrate several technologies, including:

2.1 Bringing History to Life: Virtual
Storytellers

Instead of just putting historical facts on a wall, this
project employs Generative Al to make them more
interactive and story based. We create digital
individuals that are the same size as real people and
are warm, pleasant, and fun to be around. This makes
every visit to the museum a chance to learn and talk to
them. This method tries to get people to pay more
attention, understand better, and connect emotionally
by having them talk about the topic instead of just
reading it. Two separate virtual entities were made to
help visitors find their way around and understand the
Yellow Building.

The Virtual Curator, located at the entrance, serves as
an informed host, welcoming visitors and offering
contextual framing. The character connects

contemporary perspectives with the historical context
of the building by conveying architectural features,
institutional heritage, and the broader legacy of Vajira
Hospital (Figure 1).

Figure 1. Holographic representation of the Virtual
Curator.

The Historical Nurse offers a more personal view of
history based on normal clinical practice when it is put
among medical artifacts. She talks about care
experiences, the shortcomings of early medicine, and
how patient treatment and nurses have changed over
time, instead of just stating facts. By focusing on
stories about people and combining them with
physical proof (Figure 2), this narrative method makes
it easier for people to understand history in their own
way.
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Figure 2. The Historical Nurse.

2.2 Pepper’s Ghost Technique

To create the perceptual impression that these
characters are physically present in the exhibition
space, the installation adopts the Pepper’s Ghost
illusion, a classical theatrical technique augmented
with  contemporary  display  hardware  and
computational image correction. The system is
structured around two core components:

Seamless reflective display A high-definition display
is concealed within the exhibit structure (e.g., near the
ceiling or upper housing) and projects imagery
downward onto a specialized transparent pane
positioned at approximately 45 degrees Controlled
reflection renders the figure as a three-dimensional
substantial object that occupies space, rather than
merely appearing as a flat image on a standard screen.
According to a consistent perspective, the work
employs a custom-designed anamorphic correction
algorithm to compensate for the geometric distortion
inherent in reflective projection.

Perceptually consistent viewpoint the installation
incorporates a custom anamorphic correction
algorithm to mitigate geometric distortion inherent to
reflective projection. By compensating for viewing-
angle and display geometry, the character maintains
anatomically plausible proportions from common
visitor positions, reducing “warped reflection”
artifacts and improving perceived realism for both the
Virtual Curator and the Historical Nurse.

45° Glass

Virtual Image
2y 7 (lllusion)

G/
Audience

Stage

«—— Ghost Object
(Hidden)

Figure 3. Pepper's Ghost Technique.



2.3 Anamorphic Perspective Correction

This research presents an anamorphic perspective
correction technique for Pepper's Ghost displays,
utilizing the Unity engine for geometry calculations
and 3D rendering. The objective is to mitigate image
distortion induced by reflection off a mirror tilted at
approximately 45 degrees. By ensuring the virtual
image maintains geometric fidelity and vertical
alignment relative to a specific viewpoint, the system
produces a more realistic visualization.

The adjustment is executed at the 3D scene level,
beginning with the calibration of the physical
configuration, encompassing display coordinates, the
mirror plane, and the observer's eye location. These
characteristics are then utilized to construct a virtual
camera and generate a bespoke projection matrix
within Unity. The mirror plane is characterized in
global coordinates by its normal vector (a, b, c) and
its translation from the origind. These values are
obtained by calibrating the mirror's position and tilting
angle within the physical assembly. Additionally, the
viewer's line of sight is defined as a vector originating
from the observer's eye position.

Il:ax+by+cz+d=0

The viewer's position is defined as the vector E =
(x.,v,2.)serving as the virtual eye point for view
calculations. Multiple coordinates may be defined to
support distinct viewing zones. The View Matrix is
derived from the eye position and gaze direction with
the function:

V = LookAt(E,T,U)

where T is the target point on the virtual image plane
and U is the up vector. This corresponds to the
functionality of Camera.worldToCameraMatrix[11]
in Unity. To accommodate reflection through the
mirror plane, the system employs an oblique
projection modification, where the mirror acts as a
clipping-aligned plane:

P' =P+ AP(II)

Here, P is the standard Perspective Projection Matrix,
and AP(II) is a correction term that maps plane /1 to
the near clipping plane. This approach pre-warps the
image while rendering rectifying distortion before the
actual reflection occurs. The vertex transformation of
the digital model adheres to the Model-View—
Projection (MVP) pipeline:

Pclip= P"V'M'Pmodel

In this context M, V, and P’ represent the Model,
View, and anamorphically corrected Projection
matrices, respectively. Despite the apparent
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distortion of the direct display output, the reflection
produces a proportionately accurate virtual image
from the viewer's perspective.  To assess corrective
performance, the discrepancy between the perceived
and reference object proportions is computed as:

e = | hperceived - hexpectedl

hexpected

where hexpected represents the reference proportion
and hpercei,,ed denotes the perceived proportion after
reflection. This error metric acts as a quantitative
guide for fine-tuning the Unity camera and plane
parameters to align with the physical setup.

2.4 System Setup and Calibration

To ensure perceptual accuracy and spatial coherence
between the virtual holographic content and the
physical exhibition environment, a systematic setup
and calibration process was conducted prior to
deployment. This process establishes a reliable
correspondence between physical geometry, virtual
rendering parameters, and viewer perception.

(4) Measurement of Physical Geometry

The initial stage entails accurate measurement of the
reflective glass pane utilized in the Pepper's Ghost
setup. The pane is installed at an angle of roughly 45
degrees, with its measurements, location, and
orientation meticulously documented. The position of
the display unit is concurrently assessed in relation to
the reflective surface to enhance projection distance
and reduce parallax effects. All physical components
are cataloged within a global coordinate system,
wherein the museum floor serves as the reference
plane, and the vertical axis is oriented perpendicular
to it. This spatial foundation guarantees that the
projected virtual characters appear anatomically
upright and physically coherent within the exhibition
space.

(B) Viewing Zone Definition

To accommodate typical visitor behavior, the system
defines representative viewing distances from the
holographic plane. Three standard distances are
selected:

d €{1.5,2.0,3.0} meters

For each distance, an eye position (or range of
positions) is defined based on average adult eye height
(approximately 1.55-1.65 meters). These viewing
zones serve as reference points for camera calibration
and projection correction, allowing the system to
maintain perceptual stability across common visitor
positions.

(C) Validation Ground-Truth Targets



To objectively evaluate distortion and validate the
efficacy of the anamorphic correction, virtual
calibration grids and anthropometric reference
markers are integrated within the digital character
models [12]. Shoulder height, head-to-body ratio, and
vertical alignment with the floor are all essential
markers that are used as ground-truth goals. You can
adjust the camera settings and projection matrices by
comparing the sizes you see after reflection with the
sizes you expect. This makes sure that the quality of
the images is always the same in the set viewing areas.

2.5 Touchless Choice-Based Learning

In exhibition-based learning environments, reducing
physical contact with interactive systems is essential
to minimize wear on equipment, protect sensitive
display components, and maintain the integrity of the
surrounding space. In addition, hygiene and user
safety are key operational considerations in public
learning  settings.  Accordingly, this project
implements a fully touchless interaction design,
eliminating the need for direct contact with any
interface surface.

Touchless “Air Cursor” interaction An Ultraleap
hand-tracking sensor, installed at an optimized angle
relative to the interaction zone, captures visitors’ mid-
air hand movements with high precision. The system
maps these movements to an on-screen (or projected)
pointer, enabling users to indicate options by simple
pointing gestures. Selections are confirmed through a
controlled forward motion (i.e., an “air-push”
gesture), which functions as an intentional activation
mechanism while reducing accidental inputs. Visual
feedback is provided during cursor dwell to reinforce
user intentionality prior to activation, allowing visitors
to clearly perceive system readiness before confirming
a selection.

Choice-based learning through branching narrative

To support active learning and individualized
exploration, the experience is structured as a
branching narrative rather than a linear presentation.
At key points, the Al-driven guides prompt visitors to
choose topics of interest such as historical surgical
instruments, early hospital practices, or the lived
experience of nursing in the 1920s. Each confirmed
“air-click” triggers a new narrative path, allowing
visitors to personalize the sequence and depth of
content. This design positions the visitor as an active
participant in meaning-making, thereby strengthening
engagement and reinforcing learning through self-
directed inquiry. This interaction structure also
enables the logging of user selections, allowing
subsequent analysis of engagement patterns and
content preferences, which is further discussed in the
experimental results section.
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3. Experimental Results

3.1 Evaluation of Anamorphic Correction
and Touchless Interaction

The experimental evaluation focuses on two primary
aspects of the proposed system:

()
)

the perceptual accuracy of the anamorphically
corrected Pepper’s Ghost display, and

the functional reliability of the touchless choice-
based interaction mechanism in a real exhibition
context.

To evaluate visual fidelity, the life-sized digital
characters (Virtual Curator and Historical Nurse) were
examined from three representative viewing distances
that reflect typical visitor behavior: 1.5 m, 2.0 m, and
3.0 m from the reflected plane. In the absence of
projection correction, the reflected imagery displayed
significant geometric distortion, especially vertical
compression resulting from the 45-degree reflective
surface. Upon applying the proposed anamorphic
projection matrix, the perceived proportions of the
digital characters were significantly enhanced, with
vertical alignment consistently aligning with the
museum floor plane across all tested distances. The
average faithfulness of anatomical proportions
attained 98.4%, demonstrating that the correction
method efficiently mitigates reflection-induced
distortion within the specified viewing zones.

45° Reflective Plane
(Mirror)

Display with
Distorted Image

Reflection-Induced

Distortion e \
(Vertical Compression) | @ :
Uncorrected
Virtual Image
Anamorphic
Projection Matrix
(Correction Method) FREs R s
Display with i !
Pre-warped Image MowsdseERassy g
Corrected
Virtual Image
(Life-sized,
Proportional)

Consistent Consistent
Vertical Vertical Average
Alignment Alignment Anatomical
Fidelity: 98.4%
T 15m 20m  30m

Figure 4. Visual Fidelity (Correction and
Observation).



The system employed high brightness 4K monitors to
guarantee visibility under typical ambient lighting
conditions in the hallways of the Yellow Building.
Observational assessments indicated that character
outlines, facial expressions, and gesture animations
were distinctly perceivable throughout standard
visitor circulation, facilitating ongoing interaction
without necessitating controlled lighting conditions.

Figure 6. Result of Anamorphic Correction
Calibration Process

The touchless "Air Cursor" device was evaluated from
automatically logged prompted trials. Pointing and
air-push events were scored according to the
operational definitions in Section 2.7. Gesture
recognition, accidental activation, and confirmation
time must be reported with their exact denominators
and valid-trial counts. Participant-level summaries
should be used when drawing inferences so that
repeated trials from the same participant are not
treated as independent observations.

High Brightness

4K Display Mok

Clearly
Discernible Details
(Silhouettes,
Expressions,
Animations)

Typical Ambient |
Lighting (Yellow
Building Corridors) |
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Figure 7. Visual Clarity (display & Environment).

The inclusion of visual feedback during cursor dwell
contributed to clearer user understanding of system
state [14], reinforcing intentional interaction. No
physical contact with display surfaces was required,
fulfilling both hygiene and equipment preservation
objectives.

Interface
Elements

(Touchless “Air Cursor”) _ Air

Cursor
Gesture :
Selection)

€n=> Pointin
@ (Tracking

>

Forward “Air-
Push” Gesture
(Confirmation Action)

Visual Feedback
(Cursor Dwell)

No Physical Contact
(Hygiene & Preservation)

Figure 8. Interaction Performance.

3.2 Behavioral Engagement through
Choice-Based Narrative

The choice-based narrative structure recorded the
target topic and resulting narrative node at each
branching point. Engagement indicators were derived
directly from the event log. Average choices per
visitor should be reported as a mean and standard
deviation together with the observed range; narrative-
path variance should be reported as the number of
unique paths observed divided by the number of
possible paths; topic diversity should be reported as
the number of topics selected and, where used, the
specified diversity index; and completion rate should
be reported as completed sessions divided by all valid
sessions. These measures indicate interaction behavior
but do not by themselves demonstrate learning.

3.3 Short-Term Recall Observation

In public museum settings, extensive assessment
methods risk disrupting visitor experience and
exhibition flow. Therefore, this study employs a
lightweight short-term recall observation to provide an
initial indication of immediate information retention
without modifying the core interaction design.

At the end of each choice-based narrative session, the
guiding virtual character gave visitors a single recall
prompt. Every prompt focused on a key historical fact
that was clearly addressed in the previous narrative
line. For example, the main purpose of the Yellow
Building or how nurses worked at Vajira Hospital in
the past. Responses were collected using the same
touchless  air-cursor interaction to maintain
interactional consistency.The recall cues were given
right after the session ended and were basic multiple-



choice or binary questions.  The correctness of
responses was automatically recorded for analysis.
The results show that most of the people remember
important facts properly. While this observation does
not constitute a formal evaluation of learning
outcomes or long-term retention, the results suggest
that the integration of holographic visualization and
choice-based narrative interaction supports short-term
recall of presented museum content. These findings
complement the behavioral engagement indicators
reported earlier by adding a preliminary cognitive-
oriented measure.
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Figure 8. Short-Term Recall Observation
Representative recall interaction prompt.

Tablel: Short-Term Recall Observation Results

Recall prompt Correct/valid  Correct

category responses response rate
(%)

Historical function of 14/18 77.8=78

the Yellow Building

Early nursing 18/22 81.8=82

practices

Medical environment 15/20 75.0

of the period

Overall 47/ 60 78.3

3.4 Comparator Required for Learning
Claims

A causal claim about learning requires a comparison
condition. The current study does not contain a
conventional-exhibition  group; therefore, the
manuscript limits its interpretation to interaction
performance and descriptive immediate recall. A
future controlled study should assign participants to
(a) the holographic choice-based experience or (b) a
conventional exhibit presenting identical historical
content for the same exposure duration. Both groups
should complete the same pre-test, immediate post-
test, and delayed retention test. Group allocation,
sample-size calculation, baseline equivalence, effect
sizes, confidence intervals, and the statistical model
must be reported before asserting improved learning
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4. Discussion and Conclusion

This research investigates the integration of
holographic visualization, anamorphic projection
correction, and touchless interaction within a smart
museum framework. The study examines the
interplay of visual quality, interaction reliability, and
behavioral engagement to create a cohesive and
functional exhibition system, rather than analyzing
each component in isolation.

4.1 Visual Fidelity and Spatial
Consistency

A primary contribution of this work lies in
demonstrating that system-level geometric calibration
can significantly improve perceptual realism in
Pepper’s Ghost installations. The experimental results
validate that anamorphic correction efficiently
mitigates reflection-induced distortion, especially the
vertical compression caused by the 45-degree
reflected plane.

Table 2: Visual Fidelity and Calibration Metrics

Metric 1.5 2.0 3.0 Data basis /
m m m formula
Images  per 20 20 20 2 characters x 10
condition (n) captures at each
distance
Markers per 4 4 4 Standing height,
image (k) shoulder width,
head-to-body
ratio, and floor
alignment
Uncorrected 12.6%  153* 18.1*  Mean &jwith
error (%) anamorphic
correction OFF
Corrected 1.3 1.6 1.9 Mean &; with
error (%) )
anamorphic
correction ON
Corrected 98.7 98.4 98.1  Fidelity =100 —
fidelity (%) corrected MAPE
Floor 1.1 1.4 1.8 Absolute
alignment reflected-to-
deviation (cm) ground-truth
offset
The results indicate that preset viewing-zone

calibration is adequate to maintain consistent, life-
sized holographic characters under standard museum
circulation conditions. While accuracy marginally
diminishes with greater viewing distance, the
observed discrepancies remain within acceptable
limits for public exhibition settings.

4.2 How Reliable Touchless Interaction

In addition to visual performance, interaction
robustness is essential for installations that are open to
the public. We looked at the touchless Air Cursor
mechanism to see how well it could recognize



gestures, how reliable it was for confirmation, and

how well it could avoid unintentional input.

Table 3: Touchless Interaction Performance Metrics

Metric Observed value / Operational
data basis definition
Gesture 96.2% =577/ 600 Correct recognized
recognition prompted gestures  gestures / all valid
accuracy prompted gestures
% 100
Accidental 2.3% =14/600 Unprompted or off-

activation rate

opportunities

target selections /
all activation
opportunities x 100

Confirmation Mean = 0.94 s, SD Stable target

time =0.08, Median = acquisition to valid
0.93, Range = 0.8— air-push event
1.1s,n=577

Tracking 98.7% = 35,532 / Valid tracked

stability 36,000 valid frames / all frames
tracking frames during recorded

trials x 100

Physical 0 contacts in 60 Observed or logged

contact sessions contact with

required interface surfaces

The separation between pointing gestures and
confirmation actions, combined with visual dwell
feedback, plays a significant role in reinforcing user
intentionality. This design choice reduces ambiguity
in mid-air interaction, addressing a common limitation
of gesture-based systems in uncontrolled public
spaces.

4.3 Behavioral Engagement through
Choice-Based Narrative

The branching narrative framework enables visitors to
shape the sequence of content while generating event-
log data. Choices, unique paths, topic selections, and
completion can describe exploration behavior when
their calculation rules and denominators are reported.
These indicators do not establish knowledge gain, and
the immediate-recall percentages cannot be attributed
to the holographic format without a comparable
conventional-exhibition condition.

Table 4. Behavioral Engagement Indicators

Indicator Observed value / Operational

data basis interpretation
Choices per Mean =4.2, SD = Valid choice events
visitor 0.68, Range =3-5,  per valid session

N =60
Narrative- 12 unique paths / Extent of non-linear
path 18 possible paths =  exploration
variance 66.7%
Topic 3 topics selected; Diversity calculated
preference normalized from topic-selection
diversity frequencies
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Shannon diversity

index = 0.97
Session 54 /60 =90.0% Final narrative node
completion reached without
rate withdrawal or timeout

The logged patterns can support a descriptive account
of participation and non-linear exploration. Immediate
recall adds a limited cognitive-oriented observation,
but it measures only performance directly after
exposure. Without a pre-test, delayed test, or matched
conventional-exhibition group, the study cannot
determine knowledge gain, retention, transfer, or
superiority over traditional presentation. Accordingly,
the revised manuscript uses non-causal language, and
treats recall as preliminary descriptive evidence.

4.4 Integration and Limitations at the
System Level

The visual, interaction, and behavioral metrics all
show that the proposed system strikes a good
compromise between immersive presentation and
practical usage. However, several limitations must be
acknowledged.

Table 5. System Limitations and Future Extensions

Aspect Current Limitation Future
Approach Direction
Viewing Fixed zones  Limited Adaptive
calibration adaptability viewpoint
tracking
User Short-term No retention ~ Longitudinal
evaluation observation  data studies
Interaction  Single-user ~ Multi-user Collaborative
scope focus overlap interaction
Controlled
. Descriptive No pre-test, comparison
Learning immediate delayed test, with
assessment .
recall or comparator ~ conventional
exhibit

The existing system puts stability and deploy ability
ahead of dynamic adaptation. This trade-off is suitable
for an initial real-world implementation; however,
further efforts should investigate adaptive calibration
methods and more extensive educational assessment
frameworks. The short-term recall observation just
shows how well someone remembers something right
away; it doesn't show how well they learn over time,
how well they transfer concepts, or how well their
education compares to others. As such, the current
findings should be interpreted as indicative rather than
conclusive. Future work will incorporate longitudinal
retention measures and controlled comparisons with
non-interactive exhibition formats to more rigorously
evaluate learning outcomes.

4.5 Conclusion



This study presents a practical framework for
integrating anamorphically corrected Pepper’s Ghost
display, touchless gesture interaction, and branching
narrative in a museum installation. The technical
contribution is the definition of a measurable
correction pipeline and an event-log-based interaction
protocol. Before the quantitative findings can be
considered reproducible, the manuscript must provide
participant and trial counts, ethics information,
correction-OFF baseline measurements, raw image-
marker data, and exact denominators for Tables 1—4.
The current recall results are descriptive and should
not be used to claim superior learning. With these
reporting requirements completed, the system can
offer a transparent basis for subsequent controlled
studies of museum engagement and learning.
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ABSTRACT - Currently, plastic waste has caused significant environmental problems in
Thailand, with volumes increasing each year. In 2024, Thailand generated approximately 27.20
million tons of solid waste, of which plastic waste constitutes a substantial portion. Efficient
plastic waste management is essential, yet current systems rely heavily on manual labor, which leads
to inefficient sorting and causes plastics to mix with municipal waste resulting in burial,
burning, or leakage into waterways. This research proposes a deep learning-based plastic
classification system using the YOLOv8 algorithm applied to digital images of seven plastic types:
PET, HDPE, PVC, LDPE, PP, PS, and Other. Five YOLOVS variants (YOLOv8n, YOLOVSs,
YOLOv8m, YOLOVSI, YOLOvV8x) were trained on a dataset of 9,156 images and evaluated using
Accuracy, Precision, Recall, F1-score, and Top-1/Top-5 accuracy metrics. YOLOvV8n achieved the
highest overall performance with Accuracy = 0.77, Precision = 0.36, Recall = 0.27, Fl-score =
0.27, and Top-1 accuracy = 0.96, while requiring only 1.44M parameters and 3.3G FLOPs making
it the most suitable model for real-time deployment on resource-constrained devices. These
findings demonstrate the potential of Al-based systems to improve plastic waste management

toward a sustainable recycling ecosystem.
KEY WORDS -- Plastic Classification, Deep Learning, YOLOVS, Image Processing, Waste Management
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Development of a deep learning-based early Alzheimer’s disease
screening system using MRI for the Thai healthcare context
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ABSTRACT - Thailand’s transition into an aging society has increased the prevalence of Alzheimer’s
disease, making early-stage screening essential for improving patient outcomes. This paper proposes a
deep learning-based screening system for early detection of Alzheimer’s disease using magnetic
resonance imaging (MRI), tailored to the context of the Thai public healthcare system. A total of 6,400
MRI images has been used and classified into four categories: Non-Demented, Very Mild Demented,
Mild Demented, and Moderate Demented. Data preprocessing and augmentation techniques have been
applied to enhance model performance. Four models have been evaluated, including the proposed
Custom CNN, MobileNetV2, ResNet50, and VGG16. The results show that the proposed Custom CNN
achieves the highest accuracy of 97.12%, with strong generalization and stable training performance.
The model has also effectively reduced misclassification in early-stage categories. The proposed system
demonstrates strong potential as a practical screening tool for early Alzheimer’s detection in Thailand,
particularly in primary healthcare settings.

KEY WORDS -- Alzheimer’s Disease, Deep Learning, Magnetic Resonance Imaging (MRI),
Early Screening, Thai Healthcare System
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Input 224x224x3 - -
Conv2D-1 224x224x32 3x3/1 ReLU 896
MaxPooling-1 112x112%32 2x2/2 0
Conv2D-2 112x112%64 3x3/1 ReLU 18,496
MaxPooling-2 56x56%64 2x2/2 0
Conv2D-3 56x56x128 3x3/1 ReLU 73,856
MaxPooling-3 28x28x128 2x2/2 0

Flatten 100,352 - 0

Dense-1 128 - ReLU 12,845,184
Dropout 128 - 0

Output 4 - Softmax 516

Total Parameters 12,938,948 (~12.94M)
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Tuna Deep Learning
Parameter Value
Optimizer Adam
Learning Rate 0.0001
Batch Size 32
Epochs 50

Loss Function Categorical Crossentropy

Activation Function ReLU, Softmax

Early Stopping Applied

Validation Split 0.2
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ResNet50 82.81 0.84 | 0.77 0.8

VGG16 90.31 092 | 0.84 0.88

910915197 3Wu31T01AA Custom CNN Atarue lu
awu%%&ﬁiﬁﬂﬁzﬁﬁquqqﬂ Tagaif1 ACC 1A 97.12%
HaganTuina baseline ﬁawmaéwﬁﬁﬂﬁwﬁﬂg uaaaliiity
:hTﬂ':iaa%'Nmaﬂmﬂaﬁaammmawwf‘?m%”wﬁ'ay,a MRI
aunsaafanuansazdiiy1dani Tmaara 1l

TumaiivieuedmslSuuasaniaenssulfmmzay
FUENY UL YOININAND 1FY MIAUTIUILIY convolution
HAZNITAIUANUUIA feature map 06 1UMNIZAY dIHa TR
aunsasuunszozvealsnsalsmed Idiudunniu

Tuuneii VGG16 1nadnisesain uag MobileNetv2

a9 Y v ) o o ' '
ll"llﬁ)‘lﬂlﬂiﬂﬂﬂ']uﬂ’NiJLUW UAUAIUHLUUYINTINITID YN

FALU



(a) Custom CNN

JIST Journal of Information Science and Technology

Volume 16, NO 1 | JAN — JUN 2026 | 58-71

ISSN: 2651-1053 (Online)
ISSN: 1906-9553 (Print)

(b) MobileNetv2
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ABSTRACT - Currently, the classification of emerald origins is of significant commercial
importance, as it directly impacts the value and credibility of the gemstones. However, traditional
identification methods often encounter challenges due to the similarity in chemical compositions
across different origins, leading to analytical inaccuracies. Therefore, this research aims to
develop machine learning models to classify the origin of emeralds and to compare the
performance of each model. The research methodology followed the 6 phases of the Cross-
Industry Standard Process for Data Mining (CRISP-DM). The dataset utilized in this study
consists of trace element data of emeralds from 4 origins, totaling 1088 samples: Colombia,
Zambia (Kafubu), Zambia (Musakashi), and Afghanistan. The dataset was partitioned into
training and testing sets at an 80:20 ratio. Subsequently, feature selection was performed utilizing
One-Way ANOVA and Pearson correlation coefficient techniques, resulting in 10 optimal
features. To construct the models, 6 machine learning algorithms were selected: Random Forest,
Support Vector Machine, Naive Bayes, Logistic Regression, Linear Discriminant Analysis, and k-
Nearest Neighbors. The results revealed that the Random Forest model yielded the highest
performance in classifying emerald origins, achieving an accuracy, precision, recall, and F1 Score
0f 99.54%, 99.55%., 99.54%, and 99.54%, respectively. These findings demonstrate that machine
learning techniques can be applied as highly effective tools for accurately classifying gemstone
origins, significantly enhancing confidence in gemstone analysis.

KEY WORDS -- Emerald, Machine Learning, Geographical Origin, Model, Classification
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T https://colab.research.google.com Faudouaren1zn
= Y = o 9
FOU HITWII0ID GPU Hazseaiumsilszuianatoya
= 9 A 1 o A v
wazmsizouiveunsosrnumsiaunnlasiza q 14
3.2 TUABUMIAUHUNITIDY
Y
NUIATBUINTZUIUNTUIATTIUT TN
iileave 48 (Cross-Industry Standard Process for Data
.. 79 ¥ & g
Mining: CRISP-DM) #11)52gna 19 @31lsznen 6 Tunou

[14] dquaaalugili 1

E4

muharile
doyn

mailuldou

nsadie
uuuiaoe

UM 1. MIAuIuIINITeNIUATEUINNITVEN CRISP-DM 6

o
VUAOU

3.2.1 msmnnudlagsno
Msszyunasiniavesuing laed19gndodl
anwdrgunluniimsd e snindawa Tngassaoyan

awTsala uazanuinyeie Tagiuerdedeyaniuall
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HAZAIMULTIITIYVOIUNUNIIEH fgumzﬂu;wm Uaun

Y

Usgaudgmivruvaddideyanadionaaiu i ldl
Ed
awnsoszyuvas ladanu nuiselitaaiaunuuiiae
a9 A a9y o Y
nmsiiouiveunsowuuiidaou $1uau 6 Yszian Tdun ms
Atas1gWsuunisziamFaudy (Linear Discriminant
Analysis: LDA) msoanosladaand (Logistic Regression)
wawing (Naive Bayes) weuthulndn ga-1f (k-Nearest
Neighbor, k-NN) 1)1 q’ 3 (Random Forest) B HFNNO ia
INIADS HNFTU (Support Vector Machine, SVM) e Waru
nuusiaeInlssansmwgegalunisduununasnidia
Y 1 Y 1 o
voausna ladegnasauaziaiug
o 9 9
3.2.2 mamanud ladeya
52U IWYATOYANANITIAT I 519309508 (Trace
a4y v a ¢ Y a

elements) ¥09450A N 1A910N1331AT 129 A20mATIA Laser

Ablation Inductively Coupled Plasma Mass Spectrometry (LA-

ICP-MS) [15] sznevudlediualsain (Dependent variable)

=

Fatuurausnasiuiy 4 unas 14un Afghanistan (116
#19814) Colombia (306 A19814) Zambia (Kafubu) (393
#20819) AT Zambia (Musakashi) (273 $20819) aauauls
9@52 (Independent variables) Lﬂu%uﬁm@@ﬂ?mmﬁuﬁmm
ANUTNTUVDITITDITRoLARz YA TaoTanioonun
wiaedauludrudiuTasi1miin (Parts per million by
weight: ppmw)

3.2.3 Mtz oudeya

1) msmanuazeranazaatheiiiudeya

asvdeuteyafigame uasunumgYIRING1
#2035 unuAIMa19a (Imputation) Y5 udeyaliauuiag

Y aa L. A 9 o 9 2
A3835 Min-max normalization Lwa“lwmm'muwagmmq

a N Y o 9 o day
N32VIUMIAATIZA 14 siinsavdeyaluuisneduinlu
= P} L o v Sy o Y am
neades ndusiinIsianisdoyan luaugadle9s
SMOTE (Synthetic Minority Over-Sampling Technique) Tao
p1dsranmsveuiouilndiga-1a [16] nfouiivua
thefmiudeyadlemaiin Label Encoding

2) MIfARoNAUANHUE

AadenguanyuzMMuIzaudlomaianisfa

o a
neaveya (Filter Method) Tng1lszgnd 14nsIins iz
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11)5U59UN191R87 (One-Way ANOVA) 1ol seiiiunau
HANAIIYDIA NN AUDIANTDATETENTNNGUVBINTNA
upazurad lasAadonmmizalulsnlinnuunnaiaed1adl
WedAYN1a0a (p-value < .05) AIVPAUMINNTAIAADA
i v Y
F (F-score) IN03Ad 19 UANNHIA Yo IgManbmy Nala)
wils A1 F-score gauaaadanuainisalumsswun
1 A @ a ' U Y == 9
Annasvosdlsoaszszrinngulaandt elinuaTily
I [ Aa o w 1 9 o
WugudnyauznaNud Ay 1573 19UUTIa09013
v r'd

$undszian 11 uiIn1I I za1dulszans
ﬁwﬁuﬁ’uﬁuumﬁa%ﬁu (Pearson correlation coefficient) WY
LLWHﬂWWﬂ]HJ%}’ﬂu (Correlationheatmap)Lﬁ’ﬂﬁ]iﬁ]ﬁﬂ”ﬂ
Jayranuduiusnysw (Multicollinearity) M Hdauals
a a v o Jda gy ' o v A a
saszlianuduiusizudusenieduluszauigunuly
FI91VFIWANTLNUADANNLL U VDUV UT1AB

3) Msutgatoya

] H ' < v

gatoyaninua gnulseeniugadeyailndou

(Training Set) Lmz‘]qfﬂ‘ﬁﬁ)gﬁﬂﬂﬁ@u (Test Set) ludasiaiu

80:20 Tagyadoyadnaouvzgmirllddmivnsads

'
=

o [ 1 1 4 a o
upusiaes nazlsvuasa lanleswistnes luvuzyge
9
doyanagovazii I lFszilivlsz@niamduganeves
HUUIR0Y
3.2.4 myafruuyiiaed
o 9 v o = Y
Wgadeyadnaeuiadaunuiiassmsisouives
i1 i1 Y
IAT0UNOMINLUNUNAIRUTAVDINITNA 6 UTeian fall
a 7o a . . . .
1) MINATIEH WU AITUFY (Linear Discriminant
I a
Analysis: LDA) 1435 n13i5suduuniidaou (Supervised
. AqQ Yo o ° 9 g v 2 A
Learning) 1@ msumsswundeyanaua 2 nquinli e
AUMIMITINFUFUVDIAI TN TN VAN UUANAT
' ' ] ~ '
senannguldunniiga nazaannuulsUsrunelungu
o A ' a s a o '
Tdnga rumsiasgimms ndanunlslsiusgnin
1 a o
NQ U (Between-class Scatter Matrix) LA IUNTNHFAITY
. 2 4
wilsdsaumelungu (Within-class Scatter Matrix) 91014139
v . A ° a Y .
Llﬂﬂq,lﬂ1 Eigenvalue (WO WA UIIUUNLYILAT YW (Linear

L. cs' i . v 9
Discriminants) MW N1 &Y Tagan Eigenvalue TdazRou

anua1solunmsdunvosuaaz AU UUN G’Iiixii‘;]"l
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=

Eigenvalue 1403192811150 5U18ANUUANAINTE NI
nquldanai [17]
2) msnanosladadnd (Logistic Regression: LR)
I o a Y ) o o Y
Wunpusasuradudmivnmssuuniszian Tagai
a 9 o a & ' 3
aumsudundulssaszmelszuuanuingiy
I a 1 U o o I3
voamsuamdnluudazngy dmsudyninissun
4 v
nawnNqu 41399114 Multinomial Logistic Regression 9
J o 1 a
Yszgnaldwandu Softmax lumsudasdmasinFadul
3| 3 [ < v 1
Wuainnuiieztluvednaazngy TagsnasIuyeInIN
unziluveannanguiiaiidy 1 uazfuananssiuun
munguiitimanuizilugaga (18]
3) dU§ (Naive Bayes) Husanesindwmsung
o = o = J
Swumlsznierdenguunveaud (Bayes' theorem) 1ag
o ' < a A S a '
muraanuigdunuiitou lvvesmsiuandnluua
aznguanAvesguanyuz MeldaunAgiuinuansuy
o d a Vo A A .
nnandudaszaonuuvuiiToula (Conditional
4 { a0 &g
Independence) [19] tHipanindoyanlsluanuiseiiludoya
a & = A Y . . & a
1Wa1Sua Judenly Gaussian Naive Bayes (GNB) 16
NMvesgudnyuzudazaneluidaznquiinIsHINILa
#UVUNA (Gaussian Distribution)
4 { =
4) iourulndga-1a (k-Nearest Neighbors) 111

o

gano3 fuuuy 11489m51iines (Non-parametric Algorithm)

Q¥ o o ] ] P 4 a
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5)1)7q (Random Forest) 1l udanesfiunsisous
HUUNGY (Ensemble Learning) NaF1anVTIa0INI WU
Usziananmssiunadnsveaduliidadules (Decision

v ' v =< Y ) v oAyn v
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(Impurity) aAaa1NNga Haw1303a 1AA28 Gini Impurity

¥30 Entropy WnIzdunusivigaiifivua wamsiuun

Usziangatieldannis Inaadesd1anin (Majority
. Y YYo o H

Voting) voau lidaduleiaua [19]

o 4 4
6) FNNDITALINIADTUNFTU (Support Vector

]
A

<3| @ a 9 o I3
Machine: SVM) (iludanesindmsumsswunilszianiijs

v Y] s A ' '
ummu'lmﬂﬁmwau (Hyperplane) ‘VIZTHHEE]LL‘]NLLEJﬂﬂalI

a

Y dd'
doyalaanga Tavildszozuon (Margin) 5213190qu
g

Foyaiif1gaga (Maximum Margin) SeyaiiegIndiuidy

a
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q
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1 1 4
gNI1 FNNWDTALINADT (Support

X & v o o Aq Yo ° ' Y
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~

Y
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HUNQY lunsalfv
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Uszgnd 19 ManFuInes1ua (Kernel Function) 131 Radial

. ) A . 9 - A
Basis Function (RBF) Kernel Lwaﬂwuammay‘aﬁluﬂsgu
) Adaa 2 o q ¥ ' " Y )
AuanyuzATIagary Mldaunsoutwenngudoyald
pg19NszaANTAIN [22]
) o 9 ] a P
dmsumsdsuuaanisiimes (Hyperparameter

F)

Tuning) 11473 S 19mnTin Grid Search $awfUNIAT VAR

v Y a ) . Ay
ﬂ’JHJQﬂGI@QL!‘]J‘Ullﬂl’Wuﬂ 5-fold cross-validation INOAU N
a1 ITiAe T A 1HAMANINUE (Accuracy) gefigadmi

' o a = ~ 9 A ° '

HAAZEaNI NN VRUATOY TAsiIHUARAT k=5
A I v Aq v ' A A
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4.2.5 MsUsziiuma

Usziiulsz@ninmveanvusiaoslunissuun
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UHANNUUAVDINTNA IﬂﬂuTqﬂﬂﬂﬁﬂﬂﬂUﬂgﬂﬂl@ﬂJa‘]/lﬂﬁﬂij

. A A o A o A a
(Testing set) In3paijonani s lumsialszaninmuesns
Swunilszianuuuviatengy (Multiclass Classification) Ao
M3 nFANUFDAY (Confusion Matrix) 99 UAAIHANT

= oA o o Yo 1 a '

nfSeuiienszninamnuuusiaesinelanuainialuua

1 19 YJas A
aznguihie n153anasz 1935 One-vs-Rest (OVR) 1o
a oA a Y A 3 o
Wosanguiauludisudiunquaug navua Tagsiing
#91501910 4 A1 18un A1ugnAeY (Accuracy) A1A1M
Ui U (Precision) AIAINITZAN (Recall) 11AZAIAIINGIINA

(F1 Score) [21] aunsasuda ldnnaunsn (1) - (5)
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(TP +TN)
(TP + FP + TN + FN)

(1
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2) MANVLUNUE (Precision)

TP

2
(TP + FP) @

Precision =

3) MANNTEAN (Recall)

TP

3
(TP +FN) ®)

Recall =

4) Aszansnnlaesau (F1 Score)

(Precision x Recall)
(Precision + Recall)

F1=2x (4)
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4. M58

4.1 wamsdamsnuteya
mnmam’mﬁausﬁ'@gawuiwﬁﬁmm%’agaﬁwm
1,088 1 az 18 ﬂaﬁuﬁ(gﬂﬁ 2) TaoAoaw Origin fiv A2
1115A13 (Dependent Variables: X) U5¢naUA1814a45nA
311U 4 uvad 1A Afghanistan (116 §29814) Colombia
(306 179819) Zambia (Kafubu) (393 $19819) 1182 Zambia
(Musakashi) (273 @20619) linudeyagymie drudanls
AU (Independent Variables: y) Ain A1ANUTNTUVDI5173 09
5008 31U 16 FHUA «?iuﬂu%ym%aﬂ?mm 189 Li, Na,
Mg, K, Ca, Sc, V, Cr, Mn, Fe, Co, Ni, Zn, Ga, Rb {1a¢ Cs LA
1unviie Parts per million by weight (ppmw) a1 150auu
edeeauaaaInmduiuue ss1adu “b.d.” (Below
Detection Limit) 3417810721018 434 ve 951981031
FasitamsnsieTaveunieaile (Limit of Detection: LOD)
MnMIasaeudeyanumnizlusig K, Ca, Co, Ni uag
Zn wazifiosn1nlins 1A LOD vewudazs1gesaFaion
e amsalsranamnaunudeIiFana 1wy msunu

Y = = Y v &
#F1ea17anilaues LOD (LOD/2) 1dedramuiz ey daiu

@

Ao A= A Vo Y ax Y '
MUY UIUADNUNUATIAINATIIAIYITUNUAIAIYUA1YAN

(Multiple Imputation; MI) 1o ld¥a1u15nii1doyaidig

a v A o 9
ﬂiguquﬂ']i'uﬂi'lgﬂhlﬂ uﬂﬂﬂ’]ﬂu.lﬂ‘w']ﬂ'lia'ﬂéuﬂylaﬂlu

v o ) A = ' a o
ADANU Analysis No. aaﬂ"lﬂmmmn"luuwmamﬂmﬂw



<class 'pandas.core.frame.DataFrame’>
RangeIndex: 1088 entries, © to 1087
Data columns (total 18 columns):

#  Column Non-Null Count Dtype

© Analysis no. 188 non-null object
1 origin 1088 non-null  object
2 Li 1088 non-null  floate4
3 Na 1088 non-null  floate4
4 Mg 1088 non-null  floate4
5 K 1882 non-null  floate4
6 Ca 1068 non-null  floate4
7 Sc 1888 non-null  floate4
8 Vv 1088 non-null  float64
9 Cr 1888 non-null  float64
18 Mn 1888 non-null  float64
11 Fe 1088 non-null  floate4
12 Co 617 non-null floates
13 Ni 1033 non-null  floate4
14 ZIn 976 non-null floatesd
15 Ga 1088 non-null  floate4
16 Rb 1888 non-null  floate4
17 Cs 1888 non-null  floate4

dtypes: float64(16), object(2)
memory usage: 153.1+ KB

= a ~Hq v Ay A
JUN 2. ugaeseazidentoyai 15 1uauIei

2y v o o Y ' A 1A
u'ﬂﬂ‘ﬂ']ﬂu‘lﬂﬂ']ﬂ']iﬁ\i!ﬂi']gﬂﬁﬁﬂﬂ']\uwualuﬂqll‘ﬂll

o @ " v g = ')
MUIUAIDINUDY LﬂW'ﬁiu“ljﬂﬂJE)HﬁNﬂﬁﬂu (Training Set)
$1urudeyanouuazainisdivauganioitsnig

o 7’ Y A ° Y o ' ' 1A
’d\ilﬂiWﬁ‘ﬂ"’Uﬂym‘WN (SMOTE) ﬂﬂﬁﬂlﬂﬂNiutmﬁgﬂ’QNN

o oA o =
UIUNINUN 314 AIDYN (ATNN 1)

= % o v Y ax
AITINN 1. !!ﬁ’ﬂdWﬁﬂWl/ii]ﬁ’ll@ﬁﬂ?uTJL!"U?J%IIZW)?EJUIF

SMOTE
' TUIUAIBEN | TIUIUAIDEN
ngu o o o
ADUNT SMOTE | 11adN1 SMOTE
Afghanistan 93 314
Colombia 245 314
Zambia
314 314
(Kafubu)
Zambia
218 314
(Musakashi)

o . w v ¢ a o v 9 v N
’dWWi‘UWﬁﬁ‘W‘ﬁﬂWiG]ﬂ’]jWEJﬂWﬂ‘U‘lJ@Eﬁﬁ’JEJL‘VIﬂ‘Llﬂ

Label Encoding tteraqlum1319d 2

M5 2. uaaswamsaathemny liisungusdied1e
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NgUAIDE theiii
Afghanistan 0
Colombia 1
Zambia (Kafubu) 2
Zambia (Musakashi) 3

4.2 mamsAMERNAMANYMY
mmsaadengadnvuzdmsvaiuuiiaes
AumnAiA One-Way ANOVA WUNAADA F (F-Score) ¥Dd
o ) ' ' = A
da1lsAuedI1I19 32.665 04 2270.786 (13199 3) Tu

Y v
AuItelinaaefadenguanbue 11 suausnilamana

Fgand1 300 FaAIAUAa8u0Inquuanaanuge i

Y

s Tfunudsgdnsainlunissuunngulda 1dun
Qe (Li) TanRen (Na) man (Fe) uuniiidon (Mg) HiFe
(Cs) uuamila (Mn) 31@eu (Rb) Hifia (Ni) 1MUBABY (V)
3 = = = 1 1

dINA (Zn) vazuAaLBen (Ca) 1ABIA1 F-score 083N

v
305.690 94 2270.786 UONINHAWTAINAITINAAAT p-
9 ' & Y I 1A

value Hoon 1 0.05 Fauaaslvimiunlanuauisalums
Swunnguldedniiedvaynieada

MINA 3. uaaNAIana F uagseauiadingyvedsiguaas

A a Y a
YUADINAITAUATIEHAINNAUA One-Way ANOVA

fls@u | MeBue | F-score | p-value
Li Ao 2270.786 | <0.001
Na Tasidien 1762.535 | <0.001
Fe Man 1260.116 | <0.001
Mg uuniliFey | 797.837 | <0.001
Cs FiFou 700.895 | <0.001
Mn wuemila | 484.035 | <0.001
Rb PRI 383.838 | <0.001
Ni Hiha 339.728 | <0.001
\% MURBY | 336.771 | <0.001
Zn daned 309.685 | <0.001
Ca uAAEey | 305.690 | <0.001
Co Tavead | 223385 | <0.001
Sc quAUAen | 206.622 | <0.001
Ga unaen 163.878 | <0.001




K Tnunan®en | 56.902 | <0.001
Cr Tasiliew 32.665 | <0.001
Y 4 1 o

lumsdszmuanudunusserinealsuazan

v a o

y ya o P a P
AU g uYeIveya Ais0 a0 1zvan

X £ e . .
Fuilszansanduiusuuuiesdu (Pearson’s correlation

. &R 1 oAy Y f ' ' =<
coefficient: r) F3A17 Idagogluraaszndng -1 fe 1 9nwa

a 4 ' = S A IS)
MIAATIZHNDI Ta1Rew (Na) haguunuiyey (Mg) ¥

= 1.00 [0.81 0.79 0.83 0.80
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AnuduNusFIUInluszaugann Taglial riiiny 0.95
v Y
VU0 3) nsditienvne TiiRailyn1 Multicollinearity Tu
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RUELE Rl 0.36 -0.07
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| | | i |
Co Zn Sc Ga K Ccr
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JUN 3. umuamanuTeuuaasmduilssansanauiusuyUResaY (Pearson Correlation Heatmap) Yedfmanyae luya
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U

4.3 mamsiadszansmnnuudiass

F1
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Application of Data Mining Techniques for Developing an
Information System for Water Demand Forecasting
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ABSTRACT - This study compared the performance of water consumption forecasting models in
Thailand using data mining techniques based on the Cross-Industry Standard Process for Data Mining
(CRISP-DM). Four models were evaluated: Linear Regression (LR), Artificial Neural Network (ANN),
Random Forest (RF), and Gradient Boosted Trees (GBT). Monthly water consumption data published
by the Metropolitan Waterworks Authority (MWA) through Thailand's Government Open Data Center,
covering 2014-2023, were divided into training, validation, and testing sets (80:10:10). The models
were developed using RapidMiner and evaluated using Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE). The results showed that the Linear Regression model achieved the best
performance, with an MAE of 188,158.96 m* and an RMSE of 310,809.74 m?, outperforming the other
models while demonstrating high prediction stability. A web-based prototype decision support system
was also developed to visualize forecasting results through an interactive dashboard, supporting water
production planning and water distribution management in alignment with Sustainable Development
Goal 6 (SDG 6).

KEY WORDS: Water demand forecasting, Data mining, Information system, Decision support system
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