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A Smart Camera System for Mitigating the Risk of
Computer Vision Syndrome (CVS)
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Abstract
Computer Vision Syndrome (CVS) is an increasingly prevalent occupational health risk. This research
introduces a Smart Camera System (SCS) designed for real-time monitoring and mitigation of CVS risk. The
SCS leverages Computer Vision technology via the MediaPipe and OpenCV frameworks to analyze facial and
body landmarks, assessing three core risk behaviors: improper neck posture, prolonged static sitting, and low
blink frequency. The technical design of the system focuses on high efficiency, enabling practical operation using

standard, low-cost hardware.

The model performance evaluation using the Confusion Matrix demonstrated high precision in risk
classification. The blink detection model achieved the highest performance with an accuracy of 0.90, while
the neck posture and movement detection models both achieved an accuracy of 0.80. Notably, all models
exhibited a precision of 1.00, indicating zero false positive alerts, which significantly enhances system reliability
and user experience. Upon evaluating the developed system, it received high levels of acceptance. The quality
assessment by experts yielded a 'very good' average score X= 4.60), and user satisfaction from the sample group
was at a high level ()_( = 4.34). These results confirm that the SCS system possesses technical reliability and is

ready for application as a proactive tool to promote the well-being of computer screen users.

Keywords: Smart Camera System, Computer Vision Syndrome, Posture Detection, Ergonomics
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Abstract

This study aimed to develop and evaluate an Intelligent Healthcare Bed System for monitoring bedridden
patients using Internet of Things (IoT) technology. The system was designed to detect bed occupancy and patient
movement in real time. The research methodology consisted of four main stages: (1) system architecture design
integrating sensing, processing, and application layers; (2) installation of a Load Cell sensor with an HX711
amplifier to detect bed weight and a Passive Infrared (PIR) sensor to detect patient movement; (3) system
implementation using NodeMCU ESP8266 for data processing and wireless transmission to the Blynk IoT
platform; and (4) performance evaluation using a confusion matrix and statistical metrics including Accuracy,
Precision, Recall, and F1-score. Experimental results from 20 test trials showed that bed occupancy detection
achieved 100% Accuracy, 100% Precision, 100% Recall, and 100% F1-score. For movement detection, the
system achieved 90% Accuracy, 80% Precision, 100% Recall, and an Fl-score of 89%. Expert evaluation
(n=2) indicated an overall quality score of 4.39 (good level), while user satisfaction assessment (n = 10) yielded
a mean score of 4.68 (S.D. = 0.11), representing a very good level. The system demonstrated stable real-time
data transmission and effective alert notifications. Overall, the proposed smart bed system shows high
performance and strong potential for practical implementation in long-term patient care settings to reduce fall

risks, prevent pressure ulcers, and alleviate caregiver workload.

Keywords: Smart bed system, Internet of Things (IoT), Bedridden patients, Real-time monitoring
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Abstract

This research aims to analyze and perform customer segmentation for an online game top-up store by
applying Unsupervised Learning techniques. The K-Means Clustering algorithm was integrated with the RFM
Model (Recency, Frequency, Monetary) to categorize customers based on their spending behavior and
engagement patterns. Experimental results from the Elbow Method revealed a distinct Elbow Point at k=3,
demonstrating an effective reduction in within-cluster variance (Inertia). Simultaneously, the Silhouette
Coefficient analysis identified a significant score improvement at k=5. After a comparative analysis of business
practicality and operational feasibility, the researcher determined that k=3 is the optimal number of clusters for
marketing campaigns. This segmentation enables the business to clearly identify target groups, enhancing the

efficiency of customer retention strategies and effectively driving sales growth.

Keywords: K-Means Clustering, Customer Segmentation, RFM Analysis, Elbow Method, Silhouette
Coefficient
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Using Association Rule Mining: A Case Study of Grade S Students
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Abstract

The objectives of this research were: 1) to analyze the relationship patterns of learning weaknesses across
lessons for Grade 5 students, and 2) to develop a personalized learning roadmap recommendation system using
data mining techniques. The sample consisted of 48 Grade 5 students. The research instruments included
achievement scores across 5 core subject areas, covering a total of 23 lessons. Data were analyzed using
descriptive statistics (Mean and Standard Deviation) and the Apriori algorithm to extract association rules. The
results of the experiment indicated that the majority of students performed below the criteria in lessons requiring
computational and logical skills, specifically in Fractions (Mean = 5.08), Decimals (Mean = 4.90), and
Economics (Mean = 5.35). In contrast, academic achievement in Thai and English subjects remained consistently
high. Analysis using the Apriori algorithm, with a minimum support of 0.2 and minimum confidence of 0.6,
revealed highly significant association rules, including {Fractions} — {Decimals} and {Fractions}
— {Economics}. These rules yielded a Lift value greater than 1.0, indicating that weaknesses in foundational
mathematical skills significantly impact learning outcomes in both related lessons within the same subject and

across different subject areas.
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Abstract

Confidence interval estimation for a binomial proportion remains a fundamental problem in statistical inference,
particularly for small and moderate sample sizes where the classical Wald interval is known to exhibit substantial
undercoverage. In this study, we investigate a simplified Wilson-type confidence interval obtained by approximating
the Wilson score interval and incorporating a pseudo-count adjustment in the estimator of the binomial proportion.

The resulting interval has a closed-form expression that is computationally simple while preserving the stability
properties of the Wilson approach. In particular, it can be shown that the proposed interval is asymptotically
equivalent to the Wilson score interval, providing theoretical justification for the pseudo-count adjustment used in
practice.

The finite-sample performance of the proposed interval is evaluated through a comprehensive numerical study
and compared with several widely used methods, including the Wald, Wilson, Agresti-Coull, Brown—Cai—
DasGupta, and arcsine intervals. Performance is assessed in terms of average coverage probability, average expected
length, and root mean square error across multiple sample sizes and nominal confidence levels.

The results indicate that the simplified Wilson-type interval maintains coverage probabilities close to the
nominal level and achieves competitive interval lengths across a wide range of scenarios. These findings suggest
that the proposed formulation provides a practical and computationally convenient alternative for confidence
interval estimation of binomial proportions.

Keywords: binomial proportion, confidence interval, Wilson score interval, coverage probability, expected length

1. Introduction

Interval estimation for a binomial proportion is one of the
most fundamental problems in statistical inference and arises in
many practical applications, including medicine, epidemiology,
quality control, engineering, and the social sciences. In these
settings, researchers are often interested in estimating the
probability of success in a Bernoulli process and quantifying
the uncertainty associated with that estimate. Although the
point estimator of the binomial proportion is straightforward,
the construction of reliable confidence intervals remains
challenging, particularly when the sample size is small or when
the true proportion lies near the boundaries of the parameter
space.

The most commonly used method for interval estimation of
a binomial proportion is the classical Wald interval, which is
derived from the normal approximation to the sampling
distribution of the sample proportion [12]. Despite its
simplicity and widespread use in introductory statistics,
extensive research has demonstrated that the Wald interval
performs poorly in many situations. In particular, it often
exhibits severe undercoverage when the sample size is small or
when the true proportion is close to 0 or 1 [5]. As a result, the
Wald interval can lead to misleading statistical inference in
practical applications.

To address these shortcomings, several alternative
confidence intervals have been proposed. One of the most
influential alternatives is the Wilson score interval, originally
introduced by Wilson [13] by inverting the score test for the
binomial parameter. The Wilson interval has been shown to

29

achieve substantially improved coverage properties compared
with the Wald interval and is widely recommended in statistical
practice [5]. Another popular alternative is the Agresti—Coull
interval, which modifies the Wald interval by introducing
pseudo-count adjustments to the observed data before applying
the normal approximation [1]. This adjustment has been shown
to substantially improve the stability of coverage probabilities
while maintaining computational simplicity.

Several other approaches have also been developed to
improve the finite-sample performance of binomial confidence
intervals. Brown, Cai, and DasGupta [5,6] provided a
comprehensive comparison of binomial interval estimators and
proposed intervals based on Bayesian arguments and
asymptotic expansions. Subsequent studies have further
examined and compared the performance of numerous
binomial confidence intervals across a wide range of scenarios
[9,11]. Related theoretical developments in discrete confidence
interval construction have also been studied in the statistical
literature [7]. The arcsine transformation interval, originally
motivated by variance-stabilizing transformations, represents
another classical approach for addressing boundary problems
in binomial inference [3,4].

More recently, several studies have continued to investigate
improvements and comparisons of binomial confidence
intervals in terms of coverage accuracy and interval length
[14,15]. In addition, recent research has explored refined
confidence interval procedures for discrete distributions and
rare-event settings, as well as score-based interval refinements
[2,8,10].
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Despite the large number of available methods, the search
for confidence intervals that simultaneously achieve good
coverage accuracy, short expected length, and computational
simplicity remains an active area of research. From a practical
perspective, simple closed-form confidence intervals are
particularly desirable because they can be easily implemented
and interpreted in applied settings.

Motivated by these considerations, this paper investigates a
simplified Wilson-type confidence interval for a binomial
proportion obtained by approximating the Wilson score interval
and incorporating a pseudo-count adjustment in the estimator
of the proportion. The resulting formulation yields a closed-
form expression that is comparable in simplicity to the classical
Wald interval while retaining the stability properties associated
with the Wilson approach. Furthermore, the proposed
formulation provides an alternative theoretical interpretation of
the pseudo-count adjustment commonly used in binomial
confidence interval estimation.

The finite-sample performance of the proposed interval is
evaluated through a comprehensive numerical study and
compared with several widely used methods, including the
Wald interval, the Wilson interval, the Agresti-Coull interval,
the Brown—Cai-DasGupta interval, and the arcsine
transformation interval. The comparison is conducted using
three criteria: average coverage probability (ACP), average
expected length (AEL), and root mean square error (RMSE)
across multiple sample sizes and nominal confidence levels.

2. Research Methodology

2.1 Construction of the Simplified Wilson-Type Interval

Let X ~ Binomial(n,p). The maximum likelihood
estimator of p is

. X
P=%
The classical Wald interval is
p(1—p)

pt Z1-a/2 n

However, the Wald interval is known to perform poorly in finite
samples [5].

2.2 Simplified Wilson-Type Approximation
The Wilson score interval can be written as

z* pA—p) z*

2.3 Proposed Confidence Interval

We introduce the stabilized estimator
X+2

n+4’

p=
The simplified Wilson-type confidence interval becomes
Cles=p+ Zl_%(n +4) L/np(1—-p) + 1.
2.4 Theoretical Properties
Lemma 1

Let X ~ Binomial(n,p). The estimator

X+2
n+4

ﬁ:

’

Chalermsak Mayoo
has expectation
. np+2
E@ = n+4’
Thus the bias is
L —4p -
Bias(p) = i o(n™b.

Hence the estimator is consistent.

Theorem 1

The proposed simplified Wilson-type interval is
asymptotically equivalent to the Wilson score interval as n —
0.

Proof Asn — oo,

S_KX+2_mo 2
Pensa n+al Tnta
Since
" 1land 0
- -
n+4 ) ’
we obtain
p-p.

Furthermore, by the central limit theorem,

Vap —p) S N©,p(1 - p)).

Therefore,

VaE —p) S NO,p(1 - p)).

Consequently, the proposed interval and the Wilson
interval share the same asymptotic distribution and are
asymptotically equivalent up to higher-order terms.

2.5 Simulation Design
Simulation experiments were conducted using SAS
software under the following parameter settings:

e  Nominal confidence levels

1—a=0.90,0.950.99
e  Sample sizes

n =10,30,50,100,150
e True binomial proportions

p € {0.0005,0.0010,...,0.9995}

2.6 Evaluation Criteria
Three performance measures are considered.
Coverage Probability [9]

C.m) =S <p < U (L) p - py
Expected Length [11]
n
X

EL(p,n) = SU@) - L@ () p*(1 = p)* ™

30
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Root Mean Square Error [15]

1 1/2
RMSE(n) = [ [ teom -a -y
0

3. Research Results and Discussion

3.1 Average Coverage Probability (ACP)
Tables 1-3 report ACP for 99%, 95%, and 90% confidence
levels.

Table 1: Average Coverage Probability (ACP)
at 99% Nominal Level

Interval n=10 n=30 n=50 n=100 n=150

Wald  0.800479 0.913508 0.940234 0.962556 0.970634

Wilson 0.987532 0.988831 0.989227 0.989529 0.989673

AC 0.999539 0.996973 0.995426 0.993578 0.992724

BCD  0.814311 0.907363 0.931973 0.956323 0.966186

Arcsine 0.997827 0.996732 0.996466 0.996256 0.996181

CS 0.991234 0.990942 0.990777 0.990546 0.990428

Table 1 presents the average coverage probability (ACP) of
the competing confidence interval estimators for a nominal
confidence level of 99% across different sample sizes. The
Wald interval shows substantial undercoverage, particularly for
small sample sizes such as n=10. In contrast, the Wilson,
Agresti-Coull (AC), arcsine, and CS intervals maintain
coverage probabilities close to the nominal level. The AC and
arcsine intervals tend to produce slightly conservative coverage
probabilities, whereas the Wilson and CS intervals remain
closer to the nominal level. Overall, the results indicate that the
simplified Wilson-type (CS) interval achieves stable coverage
performance comparable to that of the Wilson interval.

Table 2: Average Coverage Probability (ACP)
at 95% Nominal Level

Interval n=10 n=30 n=50 n=100 n=150

Wald  0.769186 0.874891 0.900594 0.922269 0.934568

Wilson 0.954112 0.952507 0.951659 0.950997 0.950775

AC 0.986880 0.971253 0.965363 0.959519 0.955655

BCD  0.793419 0.883945 0.906380 0.925689 0.936676

Arcsine 0.982944 0.978715 0.977798 0.977060 0.976071

CS 0.946901 0.948779 0.949452 0.950040 0.949763

Table 2 reports the average coverage probability (ACP) for
the competing confidence intervals at the 95% nominal
confidence level. Similar to the results observed at the 99%
level, the Wald interval consistently undercovers, especially for
smaller sample sizes. The Wilson interval maintains coverage
probabilities very close to the nominal level across all sample

sizes. The AC and arcsine intervals exhibit slightly
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conservative coverage behavior, while the CS interval
maintains coverage probabilities that are close to the nominal
level and comparable to those of the Wilson interval. These
results confirm the stability of the simplified Wilson-type

interval for moderate confidence levels.

Table 3: Average Coverage Probability (ACP)
at 90% Nominal Level

Interval n=10 n=30 n=50 n=100 n=150

Wald  0.735247 0.832057 0.855527 0.875103 0.882391

Wilson 0.910472 0.905391 0.903792 0.902161 0.901655

AC 0.955498 0.928770 0.920068 0.912049 0.908655

BCD  0.759482 0.843277 0.863131 0.879774 0.886139

Arcsine 0.958757 0.951607 0.950014 0.948834 0.948436

CS 0.844296 0.872034 0.880083 0.888767 0.891986

Table 3 shows the average coverage probability (ACP) for
the competing interval estimators at the 90% nominal
confidence level. The Wald interval continues to demonstrate
noticeable undercoverage across all sample sizes. The Wilson
interval provides coverage probabilities close to the nominal
level, while the AC and arcsine intervals remain slightly
conservative. The CS interval produces coverage probabilities
that approach the nominal level as the sample size increases,
indicating improved stability for larger samples. Overall, the
results demonstrate that the CS interval provides competitive
coverage performance relative to the Wilson interval.

3.2 Average Expected Length (ALE)
Tables 4-6 present AEL results.

Table 4: Average Expected Length (AEL)
at 99% Nominal Level

Interval n=10 n=30 n=50 n=100 n=150

Wald  0.552438 0.348940 0.275230 0.197360 0.161911
Wilson  0.537132 0.346537 0.274650 0.197423 0.162032
AC 0.750810 0.404411 0.304446 0.209053 0.168630
BCD 0.560176 0.348886 0.274939 0.197292 0.161926
Arcsine 0.812778 0.468743 0.362990 0.256618 0.209512
CS 0.566016 0.352405 0.277187 0.198206 0.162419

Table 4 presents the average expected length (AEL) of the
competing confidence interval estimators at the 99% nominal
confidence level. In general, shorter intervals are preferred
provided that the coverage probability remains close to the
nominal level. The Wald interval tends to produce the shortest
intervals; however, this occurs at the cost of substantial
undercoverage, particularly for small sample sizes. Among the
methods that maintain adequate coverage, the Wilson interval
generally yields the shortest expected lengths. The CS interval
produces interval lengths that are slightly larger than those of
the Wilson interval but remain comparable to those of the
Wilson and BCD intervals. By contrast, the AC and arcsine
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intervals produce noticeably wider intervals due to their more
conservative coverage behavior.

Table 5: Average Expected Length (AEL)
at 95% Nominal Level

Chalermsak Mayoo

3.3 Root Mean Square Error (RMSE)
Tables 7-9 summarize RMSE results.

Table 7: Root Mean Square Error (RMSE)
at 99% Nominal Level

Interval n=10 n=30 n=50 n=100 n=150 Interval n=10 n=30 n=50 n=100 n=150

Wald 0.405364 0.255098 0.201123 0.144154 0.102653 Wald 0.304473 0.179277 0.139567 0.099125 0.081147
Wilson  0.414689 0.257479 0.202403 0.144696 0.102880 Wilson 0.012091 0.007186 0.005602 0.004291 0.003476
AC 0.539771 0.288977 0.218224 0.150724 0.105103 AC 0.009548 0.007106 0.005691 0.004058 0.003288
BCD 0.416067 0.257375 0.202249 0.144622 0.102836 BCD 0.309536 0.256240 0.222281 0.170426 0.142757
Arcsine  0.609224 0.350222 0.271027 0.191500 0.135360 Arcsine  0.008072 0.007364 0.007250 0.007146 0.007150
CS 0.411232 0.256705 0.202081 0.144610 0.102835 CS 0.007044 0.005091 0.004129 0.003099 0.002620

Table 5 reports the average expected length (AEL) for the
competing interval estimators at the 95% nominal confidence
level. Similar patterns are observed across the sample sizes
considered. The Wald interval consistently produces the
shortest intervals but suffers from poor coverage performance.
The Wilson interval maintains relatively short interval lengths
while preserving good coverage properties. The CS interval
exhibits expected lengths that are very close to those of the
Wilson interval, indicating competitive efficiency. In contrast,
the AC and arcsine intervals produce larger expected lengths,
reflecting their tendency to provide more conservative
coverage probabilities.

Table 6: Average Expected Length (AEL)

Table 7 presents the root mean square error (RMSE) of the
coverage probabilities for the competing confidence interval
estimators at the 99% nominal confidence level. The RMSE
summarizes the overall deviation of the empirical coverage
probability from the nominal level across the parameter space.
Smaller RMSE values indicate that the interval estimator
maintains coverage probabilities closer to the target level. The
results show that the Wilson and CS intervals achieve the
smallest RMSE values among the competing methods,
indicating stable coverage performance across different sample
sizes. In contrast, the Wald and BCD intervals exhibit
substantially larger RMSE values, reflecting their instability
and tendency toward undercoverage in certain regions of the
parameter space.

at 90% Nominal Level
Table 8: Root Mean Square Error (RMSE)

Interval n=10 n=30 n=50 n=100 n=150 at 95% Nominal Level
Wald 0.325620 0.203743 0.160383 0.114803 0.094132 Interval =10 =30 =50 0=100 n=150
Wilson 0.337760 0.206208 0.161592 0.115259 0.094385 Wald 0.286347 0.168359 0.131062 0.093128 0.066199
AC 0.425205 0.227131 0.171903 0.119126 0.096528 Wilson  0.021697 0.014073 0.011820 0.008623 0.006275
BCD 0.334455 0.205714 0.161350 0.115191 0.094360 AC 0.037577 0.024016 0.018947 0.013592 0.009857
Arcsine  0.498696 0.285775 0.220990 0.156069 0.127377 BCD 0.304537 0.222978 0.182877 0.136330 0.099407
CS 0.311810 0.200175 0.158682 0.114244 0.093846 Arcsine  0.035848 0.032894 0.032706 0.032637 0.031433

CsS 0.074526 0.050062 0.038911 0.023310 0.022566

Table 6 summarizes the average expected length (AEL) of
the competing confidence intervals at the 90% nominal
confidence level. As in the previous cases, the Wald interval
yields the shortest expected lengths but does not maintain
adequate coverage. The Wilson interval continues to produce
relatively short intervals while maintaining coverage close to
the nominal level. The CS interval achieves expected lengths
that are comparable to those of the Wilson and BCD intervals
across the sample sizes considered. The AC and arcsine
intervals again exhibit larger expected lengths due to their
conservative nature.
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Table 8 reports the root mean square error (RMSE) for the
competing interval estimators at the 95% nominal confidence
level. The Wilson interval consistently produces small RMSE
values, reflecting its well-known stability in maintaining
coverage probabilities close to the nominal level. The CS
interval also achieves relatively small RMSE values across the
sample considered, demonstrating competitive
performance relative to the Wilson interval. In contrast, the
Wald and BCD intervals produce larger RMSE values, which
indicates greater variability in coverage performance. These
results further confirm that the simplified Wilson-type interval

sizes

provides stable and reliable coverage behavior.
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Table 9: Root Mean Square Error (RMSE)
at 90% Nominal Level

Interval n=10 n=30 n=50 n=100 n=150

Wald 0.265442 0.155332 0.120768 0.085775 0.070199
Wilson  0.036106 0.023438 0.020472 0.015326 0.012769
AC 0.060705 0.037538 0.029800 0.021973 0.017970
BCD 0.294339 0.200865 0.162274 0.119108 0.096673
Arcsine  0.066804 0.062021 0.061404 0.060998 0.060703
CS 0.212716 0.138007 0.112669 0.079409 0.065614

Table 9 summarizes the root mean square error (RMSE) of
the competing confidence intervals at the 90% nominal
confidence level. Similar patterns are observed as in the higher
confidence levels. The Wilson interval maintains relatively
small RMSE values, indicating stable coverage accuracy. The
CS interval also demonstrates competitive RMSE values and
shows improved stability as the sample size increases. By
contrast, the Wald and BCD intervals continue to exhibit larger
RMSE values, reflecting their less stable coverage performance
across the parameter space.

3.4 Efficiency Comparison Between Wilson and CS
Intervals

The Wilson interval typically produces slightly shorter
expected lengths [5]. However, the CS interval maintains
comparable coverage accuracy while offering a simpler closed-
form formulation. Consequently, the proposed interval
provides a useful balance between statistical efficiency and
computational simplicity.

3.5 Overall Performance

Overall results indicate that the proposed CS interval
provides competitive performance across coverage accuracy,
interval length, and RMSE.

4. Conclusions

This study investigated a simplified Wilson-type
confidence interval for estimating a binomial proportion. The
proposed interval is obtained by approximating the Wilson
score interval and incorporating a pseudo-count adjustment into
the estimator of the binomial proportion. The resulting
formulation has a simple closed-form expression that closely
resembles the classical Wald interval while retaining the
desirable stability properties associated with the Wilson
approach.

The finite-sample performance of the proposed interval was
evaluated through a comprehensive numerical study and
compared with several widely used binomial confidence
interval estimators, including the Wald, Wilson, Agresti—Coull,
Brown—Cai—-DasGupta, and arcsine intervals. The comparison
was conducted using three performance criteria: average
coverage probability, average expected length, and root mean
square error across a range of sample sizes and nominal
confidence levels.

The results indicate that the proposed simplified Wilson-
type interval maintains coverage probabilities close to the
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nominal level and produces interval lengths comparable to
those of the best-performing existing methods. In particular, the
Wilson interval often yields slightly shorter expected lengths,
indicating a marginal advantage in terms of interval efficiency.
Nevertheless, the proposed interval achieves comparable
coverage accuracy and competitive interval lengths while
offering a simpler computational form.

Overall, the proposed formulation provides a practical and
reliable alternative for interval estimation of binomial
proportions, particularly in applications where computational
simplicity and stable finite-sample performance are desirable.
The results also provide additional insight into the relationship
between pseudo-count adjustments and the Wilson score
framework.

The proposed interval can therefore be viewed as a
simplified Wilson-type approximation that provides a practical
balance between statistical accuracy and computational
simplicity.

Future research may extend the proposed approach to other
discrete distributions, such as Poisson or negative binomial
models, and further investigate higher-order coverage
properties and theoretical refinements of simplified score-based
intervals.
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6. Appendices
Appendix A

Explicit formulas of competing confidence intervals.

Let X ~ Binomial(n, p)denote the number of successes in
n Bernoulli trials with success probability p. The sample
proportion is defined as

. X
pP=7
Let z;_g/,denote the upper 100(1 — a/2)percentile of the
standard normal distribution.

The following subsections summarize the explicit formulas
of the competing confidence intervals used in the numerical
comparison.

A.1 Wald Interval

The classical Wald confidence interval [5,12] is given by

A N

1-—
Clyag =D % Z1_q)2 w

This interval is derived from the normal approximation to
the sampling distribution of the sample proportion. Despite its
simplicity, it is well known that the Wald interval can exhibit
substantial undercoverage when the sample size is small or
when the true proportion is near the boundaries of the parameter
space.

A.2 Wilson Interval (Score Interval)
The Wilson score interval [5,13] is defined as

72

5 p(L—-p)  z*

D+ o tz o + 2

CIWilson = 72 4
1+

N

where z = z;_q/5.

This interval is obtained by inverting the score test for the
binomial parameter and is widely recommended due to its
improved finite-sample coverage properties.

A.3 Agresti—Coull (AC) Interval

The Agresti-Coull interval introduces a pseudo-count
adjustment to stabilize the estimator of the binomial proportion.
Define the adjusted estimator

X+2

Pac =g

The Agresti—Coull interval [1] is then given by
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~ Pac(l —Pac)
Clac = Pac £ Z1-a/2 - .

This interval represents a simple modification of the Wald
interval that substantially improves coverage accuracy while
maintaining computational simplicity.

A.4 Brown—Cai-DasGupta (BCD) Interval

The Brown—Cai—DasGupta interval corresponds to the
equal-tailed Bayesian credible interval obtained under the
Jeffreys prior Beta(1/2,1/2).

Let

= -1 g l — l)
Lgcp =B (2,X+2,n X+2,

U —B_l(l a'X+1 X+1>
BCD — K Z.n o)

where B~1(q; a, b) denotes the q -quantile of the Beta
distribution with parameters aand b.

The BCD interval [5] is therefore

Clgcp = (Lpeps Upep)-

This interval is closely related to Bayesian inference under
the Jeffreys prior and has been shown to possess desirable
coverage properties in many settings.

A.5 Arcsine Transformation Interval

The arcsine interval is based on the variance-stabilizing
transformation for the binomial distribution

0= arcsin(ﬁ).
An approximate confidence interval [3,4] for fis given by

. = Zl—a/z
arcsin +—
WPt

Transforming back to the original scale yields the arcsine
interval

CIArc

s . =~ _ Z1-a/2 . . ~ | ‘1-a/2

= [sm (arcsm(,/p) - o >' sin (arcsm(w/p) +T)]
n n

This interval arises from the variance-stabilizing
transformation for the binomial distribution and has historically
been used to address boundary problems in binomial inference.
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Abstract

This research aims to develop investment strategies for WTI crude oil futures using Al-based price
forecasting techniques. The models employed include Multiple Linear Regression (MLR), Regression Tree,
Artificial Neural Network (NN), Recurrent Neural Network (RNN), and Ensemble Stacking Model. The analysis
incorporates fundamental factors, technical indicators, and Principal Component Analysis (PCA) to enhance
forecasting efficiency. The results indicate that the MLR and RNN models achieved the lowest error rates (MSE,
MAE and MAPE), reflecting high accuracy without overfitting. While the Regression Tree and NN models
effectively captured non-linear data patterns, they exhibited higher volatility and risk. In terms of strategy
development focused on maximizing the Sharpe Ratio, the MLR model proved most suitable for stability and
cost-effective returns. By setting a Long entry threshold at 0.05 and a Short entry threshold at 0.07, the MLR
model achieved a Sharpe Ratio of 13.67 and an average return of 6.99% in the test set. Notably, although the
RNN model provided a higher Sharpe Ratio in certain cases, it could not generate the best overall returns.

Keywords: Crude Oil Futures, Machine Learning, Investment Strategy
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wnuay WTI Tags1a1 i]ﬂéuuawuﬁa (FOB Cushing)
Lﬂuwummuwumimaaﬂwmﬂm HONINT ﬂmwmu

3§ﬁ1ﬁmi1umumwuﬁwaﬂwﬂuﬂmﬂmwummwu
wuldtusaminiuediiiodit

&Q

2.1.4 na'lndaswanuldsunazaaiansdisenang
Uszme

1HeI9INAniga fmaaﬂumuﬂu wrl ludanlszimag
Md1iey 0141 usesuaud uamA INMald duide mﬂu
waziu saswanalaouse znINARaAT AN gAuanady
Yo szimadindivelinanonisanaulode Taons
Ansgdanuduiusszvinanaiuaoaats (USD) oy
funguanaiuranuaz@naiiugnl (819 EUR, CAD,
KRW, INR, JPY, CNY 59384 THB) 28 1¥ifiuninsau
mmmmwaclummiaﬂ ﬁWﬂﬁﬂ’c’lNu"U’fNﬁlﬂmeuﬂmﬂ
eifvyiuaeans az m‘lwmumumsmwmmuﬂu WTI
mummu uiiinaaia Tanagasingy

2.2 fadenaiin (Technical Indicator)

3%ﬁﬂquammmaqﬂﬂmﬁ'ﬂm"w&mmuﬂﬂu
aa1aluoan Tﬂﬂmﬁﬂmanawmnm U SEAUTIAN LAY
USinunsaovie itenranmsaiiamias i lusuing
(Market Forecastmg) ﬁﬁ?ﬂﬁ‘ﬁﬂ?’linI!lWﬂﬂi“’lWﬂ?‘Vlff
(2558)3 121M153A31E wwnmﬂuﬂmawuﬁmmm
‘I/I’H I1ANHY maumnﬂﬂwwumu (Prlce Reﬂects
Everything) (1@ quﬁmmmnumimaau"lmmmu
suvudyluedn

2.2.1 1J%”thymazuuaﬁﬂﬁyugm(Foundational
Philosophy)

22.1.1 TIAnaafenadnsgan1oveIni1slszuia
Foyaniuasgne n1siiles uazininergilasd-guniu
ﬁﬂﬁm5wﬁ'mamﬂﬁﬂ'ﬁﬂﬁ'mmﬁwﬁiyﬁu HaaNs(51a1)
WINNNAUNS)

22.1.2WRANTTNIINNINIL zindouitluarmmnun Ty
nan i Lﬂumwu (Uptrend) ¥1a19 (Dowmrend)ma
fAudig (S}deways)i]uﬂ’ﬂi]wMLLiQWﬁﬂﬂNi“ﬁN‘ﬂ‘ﬂﬂ‘H
s T asuiianie

2.2.1.3 juuunmluefna Houdsininevesuyud
U ANNAATAIN Tan cmﬂuﬂmﬂmw“lummwu
dawaldzuuunsluay meﬂimsmuﬂﬂcmmmwa

222 1% 0afionardarSananaiin (Technical
Indicators)
2.2.2.1 Stochastic Indicator
ﬂﬁ;tﬁuﬁwuwmﬁ’wﬁmfmmmmﬂmﬁauﬁumauﬁm
gega-mgalugnnariimmua (g 14 ) mingdmiy
AAANNAN1ILUNIIAIDDAMUYIN (Sideways)
%K = 100 X —=N

Hn—-Ly
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Tag € fo sientlaluiuilagiiv

A ' o A

HN G 31?11@\1?1@11!6]53\1 N IUNHIUUN
A ° ' o A

LN G S"Iﬂ"|ﬁ1qﬂslu6]5')\1 N IUNHIUUN

Kl
AMzaeuninuly (Overbought > 80) LALAIZUIBNN
a = v v Y
inu'll (Oversold < 20) SIWDIMIAANUVOUTY %K LAz
4o , 4 4
%D HUYUA1 Moving Average V03 %K tWorigalagu

Y
Vo 11w

Y
v A o

2222 G]’J‘]f’m@]‘]ﬂ!ﬂ’JHJLUUQLLT]?QZ‘TIJWV]‘E (Relative

Strength Index : RSI)

v < ' v v o

ABUANNUUINTITUNNT Wa1 Tag J. Welles Wilder
1o IANT a9 (Momentum) ¥0451A1 Tassinanoglusg
0 89 100 FroudTymanudumIuvesteyasnINAalnd

RSI =100 — 2

(1+RS)

fmdvveshls (Average Gain)

RS = 3

Aundovosnanu (Average Loss)

Y ] . ]
2223 @I URAVAABUNUVVUITIVLALUINA
(Moving Average Convergence Divergence : MACD)
1nTeadeasizuul Tidynazusade tha1nns

° ' ' ' ' = A = 3 o
AUIUTIUANTEHINAURDUAAOUNLVVIO N LU

Foa (EMA) a935330a1 (Taena 11/de 7 wag 14 1)

MACD = EMA(14) — EMA(7) 4)

4
v A o

2224013390935 10151U28u111/a9 (Rate of Change :
ROC)
9 3 o A
195010157 30 sasimslasunilas veasia
@ dy 1 Y ] A o A 9
Ay BeUea 1NHIN TUFINNNMHUA INDALNOULTI
Y
Tumual (Momentum) Y8918 TugI91Y g

ROC = —+

Pt_n

-1 Q)

Tag P, fos1miagiiu

A 9 v '
P;_, 19 31180UYAY n FIUIAN
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2.3 mi!’%ﬂuj’:"lﬁ)\i!ﬂ%ﬂﬂ (Machine Learning: ML)

2.3.1 msaaliaveyadionsinsizesalszneunan
(PCA)

Lummﬂwma11aummJi”ﬂaumﬂmuﬂsmmuum
wummﬁuwuﬁﬂum #1908 1@11naln Principal
Component Analysis (PCA) nﬂ%maaﬂmmawammﬂm
wlsdustanun 29 @aunls Tﬂﬂmwumnmmmiﬂmaaﬂ
aAlseneuvndn ( Principal Components: PCs) 14
ma‘uﬂanﬁﬂmummuﬂiﬂmuﬁ @ (Cumulative
Variance Explamed) Niowuay 85 LWE‘)SﬂHW’t‘)JJaﬁmﬂJﬁ’Ju
Tng 1 luvay wmmmaﬂﬁmmmmmu (Noise) ¥4
summ‘lﬂ FINAINNITIUATIEHWNUIITIUIU PCs QN
ﬂmaenm%ammm’m 5 0a1lsznou §i90Rse wunm
AMUA1AY VD319 ¥1 Data Leakage 39185 muatunoy
mimmuamglmﬂuaﬁﬁwmﬂuﬁwmwwmay‘aﬂﬂﬁau
wazgganaaouluyalnaou (Training Set) A111uN3
MuruA IR dNTBUVUNIATFIU (Fit) HazHINNA
mmmﬂﬂﬁ nPUNAN (PCA Fit) InW1zandoyadndou
mmuimmmaeu (Test Set) 11 Parameter ‘I/lhlﬂmﬂ‘]fﬂ
Anaou (Scalers tsag PCA Components)lﬂﬂ‘i Elﬂﬂal"h'
(Transform) ﬂ'JJ"ll’fJ1Jaﬁfﬂ‘V]ﬂﬁ’f]‘]JTﬂEJ"liJiJﬂ1iﬂ1u’Jmﬂﬂ“HlI
MINVoYAYANATOU N3Z mumsmnaauﬂu'lmwaua
mﬂaumﬂiuﬂmmﬁam 'lwmummmmnumsmn
mmmaaﬂumumumﬂmﬂmam Mmlwamsdsziiv
ﬂswﬁmmwmamwumuawmwaaaﬂmwaﬂmima
aoa

232 HUUTIA0IMINEINTITIA

Lﬁaﬂ%ﬁmuﬁ;am 4)sznnvan uazmatamaisou
HUVIIVNGN Al

2321015090081 FUFUNY _(Multiple Linear
Regression: MLR) Lﬂumﬂuﬂﬁnmwumumhm
ANuFuRUTIFuFuTEnIednlsan (v) uazduls
dasy (X, ) Huaums

Y=Bo+61X1+B2X2+"'+Ban+S (6)

TaslFadanaaol F-test 1ag t-test lUAITAAIADNAD

a Y o Y a . 4 Y
mJi'eJaimmquummmmm% Stepwise Method 1o 141

lRuuusiaesinszFunaziiodnniga

2322 4ulddaduladmiumsnanes (Regression
Tree) nJumﬂuﬂnmsﬂusmmwauaaamﬂumuﬂaﬂq
mmaau"lm”luiwuﬂmm (Root, Internal, Leaf Nodes) 1ag
1611gnmffwmﬂmmﬂaaummammaﬂ (MSE)iums
mﬂau“lmmwaua (Splitting) mamﬂ@mmmmwmmm
mmﬂamm‘lmmuamaﬂ

2323 Iﬂﬁﬂﬂﬂﬂ‘ﬂiwf'ﬂ‘ﬂl‘ﬁﬂil (Artificial Neural

Networks: NN) (111 $18040191809013 119140 0% ad

Uszamuybd 1Us2noude Input Layer, Hidden Layer 1y
Output Layer 1a8 190352021415 Feed Forward 14n13

38

uys el !!ﬁuﬁ?ﬁ’ﬁ g EI‘WH]ﬁlJ 6751’1!\7151

WeINTal LAy BackpropagationGluﬂﬁﬂ%ﬂﬂliﬂ"flxﬂ?jﬂ/iﬁﬂ
(Weights) Aulansunse ﬁ Uu (Actlvatlon Function) wu
Sigmoid, ReLU it Linear Function meummauwuﬁm
Fudounas lifluFudu (Nonlinear)

2324 Tﬂﬂﬂi1ﬂﬂszmw,17muuumuc§j (Recurrent
Neural Network: RNN) Hulasenelszamiesnuuuin
edamsnudoyad1aumal (Time Series) Taginwiz Tag
AoyaINan1uzNoUI (Hidden State) 929nIUNAUNN
nJumamumwmmmamﬂmuu i lfupusiaed
RERIERFETE: fm (Memory) Ll g mmsmmﬂﬂmumm
adunm lddndi Inseelsy ami'll nuusiaes RNN
#147u91u5 501 #0 Vanilla RNN (Simple RNN) Tmm
Taseadranay wnmmammﬂmﬂs “noudro9u
SlmpleRNN $1UIU 64 Units Taaido ﬂﬁlﬁlf Linear Actlvaltlon
FunctionLﬁaGlﬁ’mmxauffumiwmnﬁn’f?iwimﬁm
(Regression Tzlisk) Gums‘nmﬁ‘lﬁu 1aonld Adam Optimizer
lumswisrmunz auga (Optimization) ag 1% Mean
Squared Error ﬁJuﬁa ftlf‘]?u ﬁﬂlla’ﬂ (Loss Function) Pﬁi‘i}ﬂ]l@g])
Uszgnd 1Finadin Early Stopping TagA1MuAn1 Patience
Y 10 soUMIEeu] ifenganse mumavlﬂﬁauma
memammﬂmﬁauﬁmﬂmiuﬂmmam Validation Wi}
1ains 19 PCALwaaﬂumam Tasidonsiuay
NGRS nauwaﬂ‘mnmﬂamuﬂﬁﬂsau“lﬂmaﬂa 85
(85% Variance Explained) Lwaaﬂﬁﬂujﬂpmﬁumu (Noise)
nowuguUDTIa09

2325 LﬂﬂuﬂﬂTﬁLiﬂuilLUUi’JMﬂﬁM (Ensemble
Stacking Model) 1eaados1invesuuusianuFaune,
W%%ﬂllﬂslsh'mﬂuﬂ Stacking Model i umstihmadngain
mswmmm%mummaﬁm (Base Models) #a10/231
mwmmﬂuﬂmaﬂymﬂwn (Meta-Features) Lwaﬂauma
wuus1aeelusy ﬂiJ‘ﬂf:Tﬁlu(Meta—Model)Gh'Jstlﬁi SIBT
annsaisoudnnyaudavesdazuuuiiaouaziiun
mmm“lumﬁmmﬂwaawmﬂmﬂ%ammuﬂmﬂty

24 n157adszansainuvudians (Model
Performance)

1un133Lﬂ51 Wil ZANTAIMUOINVVTIADINT
Wmmmﬂmumuﬂu w’n}ﬂ”lmaaﬂcl,%m%mmm
ﬂmmﬂaaummf}wmﬂmmaﬂi ziiiuANuiudaz
ANIIMINZ ANYRILLTIAD AR TN AYil

2.4.1 AAmANARUMAIADUNEY (Mean Squared Error
MSE)

F¥an 195 ziunnuiudveauuuiae lasns
WIRIRAOVEIAILAITEH A0S Az minensal Idon
MRGEGEH mmmﬁuumiummmawam ZNUVDIA
AUAAIAAADUNFUIT (Outliers) T Fanusy

MSE =y 2 lny i (7)
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Tas  n flo YUIAAIDE13 (Sample Size)
A ' a
y; 719 71934 (Actual)
P ! 4 .
P; A0 ANINTMU (Predict)
2.4.2 ﬁWﬂﬁWﬂLﬂﬁﬂuﬁuyiﬁflﬂaﬂ (Mean Absolute Error
: MAE)
o A A 1o & =
'JﬂEU1”@]!@1ﬁElélJﬂﬂﬂ??nﬂaWﬂlﬂaﬂuIﬂﬂqﬂJﬂTHQﬂ\i
A A A ¥ Y3 = '
NANN (IATDINNYUINHIDAU) ﬁ%ﬂ@uiﬂlﬂuﬂﬂi%ﬂgﬂ'l\i

= ' ' o VA '
Lﬂafﬁ51’7'J’Nﬂ'IWfJ’]ﬂﬁm!Lagﬂ'mﬁ\ivlﬁjﬂfJ’l\?ﬁi\?vhJ@]ﬁ\nﬂ

MAE — Z?:]_ |3’i_5}i| (8)

n

Ty n Ao YUIAAI9E19 (Sample Size)
y; A9 1939 (Actual)
~ A ' o .
¥; A0 AMNINTYU (Predict)
' 4 o s
243 A1¥e0azAnuAaIAAAUANYIBINEE (Mean
Absolute Percentage Error : MAPE)
artinise ’dmmwiuiﬂuuumawaﬂa“ 128197

’dm13mﬂ‘%ﬂumﬂummunumﬁ mwwﬂmammwmﬂ
m’ommﬂwummdnu'lmmqwmu

MAPE =237, |ylﬂyl| )

Tas  n Ao YUIAAI0619 (Sample Size)
=) 1 a
y; A9 A1V (Actual)

P ! 4 .
P; A0 ANINTM (Predict)

2.5 naq‘nﬁmaamu (Efficiency Measurement of
Strategy)

2.5.1 ﬂﬁﬂﬂﬁﬂWﬁ!‘ﬂHﬁﬂWUﬂ"ﬁiﬁ.ﬂﬂﬂu
lkuﬂﬂﬂﬁﬁﬂmﬂﬂﬂafJVl'iﬁiJ\?LUUﬂ1isl°lfWﬁﬂ1§WfJ'lﬂ§ﬂl
31ﬂTL!']lI‘L!ﬂUlWﬂﬂ1WuﬂT‘lﬁT‘lNﬂ1iaﬁT‘lu IﬂﬂWﬁ]'ﬁmﬁnﬂ
sasmadsulasiimansal (Predicted Percentage

Change)

%Change = ﬁtP_Pt (10)
t

~ o
Tag P, Am 3m1ansal (Predicted Price)

P, A 51111991i1 (Current Price)

°1ums@i"ﬂ?’fu°lwummuw m%a"lﬂmwuﬂmmcmmmnﬂ
I
(Threshold)mmﬂ}s mwm“lumimmﬁwaﬁumum
poniilu 3 nIdiRell
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2.5.1.1 amuw?;a (Long Position) i]‘“ﬁuﬁuﬂmﬁa
%Change > 99 (1w @, A0 Long Threshold) aziouds
TN Ve VERT LR EY] .

2.5.1.2 a91ULv18 (Short Position) LANUUMID
%Change < —8, (1a® O fio Short Threshold) d¥iou
fauur Tfusimuiag

2.5.1.3 aouzdonIeIduan (Hold Position) H1NA1
mwmﬂaauuﬂmaaumn —0, 09 0, 2 hilimaiila
T Luaamﬂﬁmmmwﬁmaﬂm“lmm%u

2.5.2 m3ialsz@nsnmnagnimsasnu (Efficiency
Measurement of Strategy)

Lwaclwnu“lﬁl:nﬂafrnﬁwwwmmuummmmwﬂum
Ufiia m%ﬂ"lﬁ'ﬁlsvm%mﬂs £ANEMUMITAINU 3 AIUNED
Aall

2.5.2.1 HAVIANUGIFA (Max1mum Drawdown: MDD)

“lmwmﬂmmmﬂﬂuﬂﬁmgmiwwaﬂ TasfuInn
L"]Jmmummsaﬂawmmmwammmmuwﬁmﬁmm
1Ag9gAnounth

2.5. 2 2 sas1auns (Sharpe Ratlo)

Faa il ammwmsmmumamaunummmm
rmeﬁmmmmma‘ul,mum‘lmmnmﬂummwumum
Aaduriel

Sharpe Ratio = R’;d_—Rf a1

X

Tag R, Ao AIMIANIIUDINAADLLNUIINMITAIY
A d' =t l!'
Ry fio waneuumui lutinnuies
sd, A0 @IULEUUUNIATTIUYDIHAADVLNUIIN
MIINU
2.5.2.3 HAADULNUIAAY (Average Total Return)
IFaztoutlszansmmvsanansuunulunng

ﬂﬁﬂﬂ"]&’)\ﬁ%ﬂ&’)ﬁﬂﬂﬁﬁ\i‘i@u

n .
Li=1 Ri (12)

=e]l
1l

Tas R fio napoLLNY
n Ao iwsnmﬁamu
TaoduuuildnanouunuInae (Average Total
Return) ’q&’ﬁ’gm Llﬁzﬁﬁﬂﬁ'i}u"mgﬂ (SharpeRatio)‘ﬁij

= A d o Aad
nge wnonuduuunanga

q
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3. HaNSAUHUY
= = a a \ o

31 madSeuneudszansainanuuiudgives
BIDIGEN

vinnisididoyaganadoy (Test Dataset) 191g
Lmuﬁmmwmmnfﬁm NUNAIANUADANADUNIADA
UTeaziDAAInTeN 1 uag 2
A5199 1: mmmmmmaaummmumamwumu

ISIRAGEE! MSE  MAE MAPE
MRL 9.22 2.45 3.52
Regression Tree 58.37 6.40 9.09
NN 23.71 4.14 5.77
RNN 9.21 2.45 3.54

M50 2: ManuAmAmaouvINmatamsEeuduny
FIWNGY

IIIEAGEE! MSE  MAE MAPE
MRL 16.62 3.22 4.54
Regression Tree 16.29 3.28 4.47
NN 10.51 2.54 3.60
RNN 18.71 3.40 4.73

1ANITNATILHNUI1 HUVTIa09 RNN 11ag MLR
neaslse ’g’fmmwiumﬁwmmmﬁmﬁﬂ Tﬂﬂnmmm
ﬂamxﬂaaumwamm Glﬂammnumn drfiouda
ﬂ:1111mmm“lumswsnﬂmmmmLmumua%ﬁﬂmmw
g9 TuvaeNuus1aed Regression Tree 1HA1AI1Y
ﬂmmﬂaauﬁmﬁﬂ vadtianuhdemsnaulasves
ﬁuayla (Variance) qamu"lﬂwmwammmuuum

3.2 mynSeuieudszanEmmvesnagninisamu

mwawfnﬂﬁmmﬁiwnaﬂmmﬁamuiﬂﬂhm Sharpe
Ratio LﬂmﬂmmwaﬂiunWiﬂﬂLaaﬂ%ﬂmaawuwﬁa (Long)
EARE, (Short)mwm ?fiJ“I/l?fﬂTﬂEJL‘V]EJ‘]J‘]Jﬁ LANTNIN
5% wawﬂaﬂ‘ﬂﬁmﬁmaua 79A504 (Buy-and-Hold
Benchmark) A401519% 3 gmzwaﬂﬁmmmmiuﬂ;ﬂmay‘a
mﬁayuﬁﬂﬂﬁ'ﬁamﬁwﬁ 4uags
A1519N 3 : ﬂizﬁw’ﬁmwmq‘nﬁmﬁ%Lmzﬁamm (Buy-
and-Hold Benchmark)

s MDD  Sharpe AVG
NAYNF .
: (%) Ratio  Return (%)
Buy-and-Hold  -32.93 -18.71 -1.11

~ a A J o
M7 4 1 dszANEMwnagnimIaauINULLIIA0g
Wugu

o MDD  Sharpe AVG
ISTRTR RSO .

(%) Ratio  Return (%)

MLR 0.00 13.67 6.99

Regression Tree -56.04 -0.28 -0.32

NN -81.67 -1.72 -1.78

RNN 0.00 23.39 5.48

Buy and Hold  -32.93  -18.71 -1.11

40

uys el !!ﬁuﬁ?ﬁ’ﬁ g E/‘WH]ﬁlJ 6751’1!\7151

A a A 4 a
M13197 5 : UszAnnmnagnsmsasnuanmadiams
Fouiuuusaungu

0 Sharpe AVG
SRR RN MDD (%) i
Ratio  Return (%)
MLR 0.00 -0.02 -0.05
Regression Tree -42.71 1.08 1.20
NN -81.67 -1.72 -1.78
RNN -52.48 1.72 1.78

nnmInagevlszanimmussnagnimsasnuluya
%ua‘maau (1 4NN 2024 — 1 NUIGU 2025)W1J’51
LL‘Ummmmmﬂﬂamwmuwwﬂm (MLR) ttag 1a5910
UszaifeunnuIua (RNN) HAAINANITANAIGIYA
Eumuuwu (Maximum Drawdown: MDD)L‘I/Hﬂ‘]JiE‘)EJﬁ“‘
0.00 SazRouden uusus U WeInT sl AFNI93 A7
‘]Jﬂ’ﬂ&lﬁﬂ@ﬂ;ri‘lﬂ‘t‘l‘c’JNll“lJizﬁ"Vlﬁﬂ1WGlu‘]5’NL’mWNf‘lf,ﬂ’J
mmﬁu%‘aﬁtﬂuwammﬂmsﬁmumﬂmcv‘fmséi’ﬂ?{u%
39U (Threshold) Mduaaa shliuvusiaeudenaniug
dpATRIdUAA (HoldPos1tlon)1uaﬂ1a mﬁmmiums
nensal A nusanuiioane aawaiwgamaumwa
gns (NAV) mmwa%mm‘iamu"llajﬁmiaﬂmmﬂgﬂqaqﬂ
1AY (High-water mark) 1O HANIABIAUITIIINAITAY
WIUVBIADA

ienSeuitenilse ﬁmmWﬂunafmﬁmmmm aa
f 5 © 9 ( Buy-and-Hold Benchmark) c]NHJ Uin oA
NIATTIUAING wmﬂummmmmnunaﬂm Buy-and-
Hold sgaunavianumasiosaz 1.11 uazlinnuides
INNTAAIFIFAVDAUTUNY (MDD) f43 080z 32.93
YueNUUTIaes MLR mmmtﬁnwammmumaa"lﬂ
ganedovaz 6. 99Lzﬁﬂﬂﬁmummmmmmiumsmn
wam”limwuammamammuﬂmﬂm wiluuusiand
RNN923A1 Sharpe Ratio ‘ﬂﬁﬂﬂ’ﬂ (23.39) ualundveq
HAaNOUUNUITINUAY mmmnﬂﬂumﬂmm%iﬂ
HUUTIa99 MLR nmﬂuﬂaﬂmmwmwﬁwm

'fJfJ'N"lﬁﬂﬁ'liJ N'J"l]ﬂ@'lii Wuﬂﬂﬁﬂlﬂﬂ'lﬂﬂ')']ﬂﬁaW‘ﬁ
ﬂ\?ﬂﬁTJﬂ1u3ﬂ!%1ﬂ31ﬂ1ﬂﬂ318ﬁﬂﬂ1ﬁ mm%u'l@ﬁmau
ﬂﬂﬂ’l]ilqu’Jui 11219A11 (Intra-period fluctuation) &
‘VNWllﬂ u'f)ﬂ"l]'lﬂuﬂ'lﬁﬂ(ﬂﬂTﬂﬂlﬂuﬂ']i]"lﬂiﬂﬂﬂ'ﬁwainﬂ
ﬂ3111ﬁ1198§m9§ﬂq11ﬁ398141u3 ﬂ”ﬁu (Sample Bias)

o o d
33 msvwvudiasdldIFunaznisweinsalu
aUInA

DRMLRERIEE Elﬂﬁsl"]fll,ﬂ‘llﬁnﬂ’ENLW’E]WEHﬂimiWﬂ”ILLﬂW
mwumaammmuaﬂmmuw 5 numﬂu 2025 IﬂEJGLGD'
"Uf)y’c’lﬁwﬁll 87 ﬁ’ﬂﬂﬂ’i NaﬂTiWﬂ1ﬂimN§1ﬁlﬁwlﬂﬂﬂﬂQ
ATN 6 LAy 7



a o a = s S e a ~ oy 4
ﬂ75?!ﬂ575'57’1!%\7!1/?6]1/!7’]5/Uﬂﬁ§]7]ﬁﬂ75ﬁ\77€luu7ﬂuﬂﬂﬁl7uﬂ7ﬂiflu§‘ﬂa\uﬂia\7

M3197 6 : Immensaitaznagnimsiianiuzg u uf
5 AMUEIBU 2025 VINUDUTIADINUFIY

simifigfu s menssl  nagnii

BIEAIGN .
(USD) (USD) HUZUT
MLR 64.31 210 (Hold)
Regression Tree 64.01 66.16 “‘]ﬁi@ (Long)
NN 59.81 V1Y (Short)
RNN 65.92 %0 (Long)

i]1ﬂﬂﬁ’«l£ﬂ§1°"ﬂﬂﬁEJ‘]_IL‘I/IEJ‘]_IGIH‘VIT‘IMGI HUVAIADINIINADDY
l"]f\?LﬁuWWﬂﬂl (MLR)ﬂﬂLﬂﬁ@QN@‘m‘HN1 ﬁiJ’ﬂfTﬂGluﬂﬁ
VINITTANTANUTGILAL ﬂ?ﬂuﬂﬂﬁﬂ’ﬂ‘ﬁﬂ1iﬁﬂ‘ﬂu1u

4. ayUwanazdorauonny

4.1 asﬂwamsmmmm

wamiﬁﬂyw“lwmum uiinAtia Ensemble Learnlng
ﬁ]znﬁ]ﬂmuslumiaﬂﬂmuﬂmﬂmaauiuwmamum e
ﬁmsumauaﬂmumuﬂummmwumuﬁma RTRE
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A Predictive Model of Colorant Proportions in Lipstick Manufacturing

Using Machine Learning
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figa molddediianisnda Tdun dadiuemns g lifaay, masawdadiuars19a luinu 41% nagdmou
immimﬂwam%ﬁm‘lumu 7519013 mmfaﬂumamﬂmauaammaiumaﬂamummmammq
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Mean MAE_RGB =2.47x10”

o o w

mmany: aladn, aslid, msSeudveunios, MInADBLLDY ElasticNet, MsMAMI auga

Abstract

This paper presents the use of a machine learning—based approach to predict an initial formulation of color
paste that is close to a target color for lipstick manufacturing, aiming to reduce early-stage trial-and-error in color
formulation development. The colors used in the experiments are represented in the RGB color space rather than
laboratory-based color measurements. The methodology consists of two steps: 1) developing a model to learn the
relationship between color paste proportions and target RGB values using ElasticNet Regression trained
separately for the R, G, and B channels, and 2) solving an optimization problem to identify color paste proportions
that make the regression models predict color closest to the target color under manufacturing constraints: non-
negativity, total color paste proportion not exceeding 41%, and at most seven color paste items per formulation.
The experiments used 146 internal formulations from a cosmetics factory, with a training set of 116 samples and
a test set of 30 samples. The color differences in the RGB color space are evaluated using Euclidean Distance
(L2_RGB), Root Mean Squared Error (RMSE_RGB), and Mean Absolute Error (MAE_RGB), summarized with
descriptive statistics, including the mean, median, and 95th percentile (P95). On the test set, the results are Mean
L2 RGB = 7.41x10”, P95 L2 RGB = 4.17x10", Mean RMSE_RGB = 4.28x10°, Median RMSE_RGB =
2.85x10° and Mean MAE_RGB = 2.47x10”

Keywords: Lipstick, Color Paste, Machine Learning, ElasticNet Regression, Optimization
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Abstract

Geographical Indication (GI) agricultural products contribute significantly to local economic development by
enhancing product differentiation, trust, and regional identity. However, maintaining consumer loyalty and preventing
customer churn remain critical challenges, particularly for community-based agricultural products. This study aims to
develop a predictive model for consumer loyalty and churn by applying machine learing techniques to social media data,
using GI pineapple products from Nakhon Phanom Province, Thailand, as a case study.

Secondary data were collected from social media platforms and analyzed through sentiment analysis and engagement
metrics to represent online consumer behavior. Key variables included Sentiment Score, Engagement Rate, and the
frequency of mentions related to product quality and GI attributes. Three machine learning models—Logistic Regression,
Decision Tree, and Random Forest—were constructed and compared in terms of predictive performance.

The results indicate that the Random Forest model achieved the highest predictive performance among the compared
models, with an Accuracy of 0.88, Precision of 0.86, Recall of 0.85, and an F1-score of 0.85. The model also demonstrated
strong discriminative capability in distinguishing loyal consumers from those at risk of churn, as reflected by a high area
under the ROC curve (AUC = 0.94). Feature importance analysis further reveals that positive sentiment and online
engagement are the most influential factors in predicting consumer loyalty toward GI pineapple products.

Keywords: Geographical Indication, Consumer Loyalty, Machine Learning, Sentiment Analysis, Social Media Data
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min_samples_leaf=5, criterion='gini', random_state=42

Random Forest: n_estimators=100, max_depth=10,
min_samples_split=5, min_samples_leaf=2,
max_features='sqrt', bootstrap=True, random_state=42,
n_jobs=-1

ﬂ"limf]ﬂ'ﬂ"I‘V‘nﬁ"lilm@ﬁﬂQﬂﬁTJhlﬂﬁ]"lﬂﬂTﬁllﬂﬁﬂ\ilU@\iﬁu
(preliminary experiment) i’JiJmeiE)NENﬂmWIimuﬂ
uﬂuﬂl%mluﬂm%wmﬂym "’llﬂllﬁslﬂmﬂﬂ\iﬂu

2.5 maudeveyanazmsdszfiudszansam

Foyasiuau 420 srwmsgnuiisesnilugednaou
(Training set) 0982 70 $1UIU 294 519MT UALYANATOU
(Test set) $08@Z 30 3IUIU 126 518N15 A283D stratified
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random sampllngLWE]iﬂBWﬁﬂﬁiuﬂl@QﬂﬁNW‘UﬁiﬂﬂﬂN
ANUANALAE ﬂawmmﬂumaﬂ%“lw“lﬂamﬂmu“lum
apayadoya mytszdulszansomldaassa Accuracy,
Precision, Recall tta¢ F1-score i?liJﬂ‘]Jﬂ1i?lLﬂ§1w1'T
Confusion Matrix

2.6 mimmae‘ummmammmu‘uumam

Lmmﬂmmwauauummﬂm (single 70:30 split) 9
awﬂauamumﬁmmmuuumammmwmmmmamim
udnanslse lll‘L!Eﬂ’ﬂ]"ll‘LlE]EJﬂ“lJﬂﬁ’c’fiJLL“lN"’lJE]iJﬁGlu!,l,@]aw
ﬂﬂ (sampling vanablhty)mmi}ﬂuﬁmwummsaﬂﬁau
AMUIADYTAIINANA 5-fold cross-validation 1o 14010
wnmaan"lmnmaamm ZAAANIBUIDEIVINNIT Y
memm %QWU’NﬂﬂJﬁ ANTNINVIN cross-validation
(Accuracy 1A 0.88 £ 0.03) ADANGOINUAAIINYANATOL
(Accuracy 0.88) ttaaalfifiudumunsiaesdianuadosga

27 ji'l'ac‘ﬁ1f'jﬁ:}aa}wulmlaﬁmiﬂmulﬂﬂ g }

udnadvetivzguduguanyazmuanuian msi
dausan wazmissuiaua GLiluwan ad1elsnam Tu
mnmmaummymgmwmmmmv]m thdsdusiaiin
JJmnummﬂm@ammﬂau%«nwum YA5IANFOUDI
AU3 Inn mu’mefluamﬂmamﬁwa}ﬁmuwmmaﬂymw
AN TNNEINVIIAT (Price Sentiment) H30M15T U5
ANUANA mewummuuum“lumiwmﬂsqumﬂim
M318n%0 (Churn)

3. wamsIveuazensiena

3.1 Han15I8

3.1.1 ﬁﬁﬁL%Wiimuwmaaﬂ’J’ay‘a

gatoyan lFlumsinszivuganiolsznoudie 420
519013 cm"lmmerammaau"laummnuﬁuﬂ 250 GI
tandaunsnun lusSundusunyasuazvesrn Joya
AINA1INIUNITAANTDILAL mmmawmmgmmaiwm
ANuENYsalLAZIIN AURDMIT AATIZHIBNT 10

A15N L adAFINssuuIveInuan Mz 1INt oy a
T Beaiiay (n = 420)

AUANYUE (Feature) Aunas  dnudeany
AT

Sentiment Score 0.62 0.27
Engagement Rate 3.80 1.95
ATMAmMI “OUNIN (Gwmsmte) 145 1.20
AR “GI” / “Hatl 4 0.72 0.90
piimani”

AN Inadaemou 1.05 0.70
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mnmﬁw 1 nuNdYs Inaliazuuuanuiamzauan
AT 0.62 (IINFNATUUU -1 9 1) FeazHouna
nuARTIIINADd UL IA GI TanIAuATNUL
. a1 Engagement Rate uAuRdemIAY 3.80 uazdaIu
mﬂamummmummu 1.95 iiofins AN A0
Aoya (mmﬁﬂ 0.25 947A 8.50) AUNAY 3.80 0G1UFNA
210 g 2 mma'lmaw 3(Q2=2.80,Q3 =5. 20) el
szauluna eieunumsniz1eAIve9oLa (mean
+1SD = 1.85-5.75)

3.1.2 wamsnfiouioulszansamveanuuiiaea
puusIaeInsaIugnwanazlssiiurnauu

uwannesy Google Colab Tﬂﬂi%ﬂmammﬁau

fosaz 30 mawauamﬁm U 126 319M5

A13199 2: wansszivlssansmwveuuIIang

HUUIA0Y Accuracy Precision Recall Fl-score
Logistic Regression 0.76 0.74 0.71 0.72
Decision Tree 0.80 0.78 0.77 0.77
Random Forest 0.88 0.86 0.85 0.85

HugLma: ﬂﬂ_]fl' ﬁﬂﬁﬂ?‘wéllﬂﬂlllllflnaﬂﬂ Random
Forest mwﬁmﬂlumimﬂummaﬂ NNTITUIUNT 5- fOld
cross-validation (Accuracy LR Ay = 0.88,SD = i(').03) )
HEAIANMUIEDETUD IV UT1a09 TuumeH Logistic
Regression 41g Decision Tree

51fJ\i"IUWﬂ"I]"Iﬂﬂ"IiV]ﬂZ‘T@‘U‘Uu‘ﬂﬂﬂﬂﬁﬂﬂ (test set)
mmu 126 3189013 ‘VN‘L! ﬂTi’JLﬂ'ﬂ““Vi Confusion Matrlx Tu
(5]'151\11/] 3 lﬂuwa%'lﬂﬂ1i°ﬂﬂﬁﬂll‘ﬂu%’ﬂ?‘lﬂﬁﬂﬂlﬂﬂ?ﬂuu
“If\'iﬁl‘ﬂﬂ"l Accuracy = 0.88 (111/126) Z‘T@ﬂﬂﬂ@ﬂﬂﬂﬂﬂmﬂ
Cross-validation

wamﬁmﬁwvfwudmuuﬁmm Random Forest 1#@1
TJ'E ﬁﬂ‘ﬁﬂWWﬁ\‘]ﬁﬂﬁluVIﬂ@m"]ﬂﬂ memmmmmmiu
ﬂTiﬂ‘]_lﬂ'ﬂll?fllWl!‘ﬁTlllllLﬂulﬂfﬂlﬁumﬂﬂm@uﬂWQﬁﬂiiN
Nﬂiiﬂﬂﬁ]']ﬂiclﬂﬁh'ﬂaulﬂﬂ"lﬂﬂﬂ'J']lL“U“U%TC’If]\?E]U ?JfWNlel
ﬂ'3111!'?fﬂﬂiﬁ\1ﬂ\1ﬂ !Wullﬂﬁ]1ﬂﬂ1 Accuracy ‘V]ﬁf’]ﬂﬂﬂf‘]\‘]ﬂu
mmnmsﬂnmmmu Cross-validation {0gN1TINATDU
fugAtoyanAdoU

3.1.3 Confusion Matrix U84LUU1AD4 Random Forest

lLﬁJ’Ui]'lﬁfN Random FOreStW@Ju'léUuﬂﬂuHJ'l‘ﬂﬂﬁﬂU
ﬁﬂ%ﬂm@ﬂﬂﬂﬂﬁ@ﬂ%?u’)u 126 518N13 %QLL‘]J\'IL‘]JL!ﬂﬂlI
Y

N‘UiIﬂﬂ‘ﬂll‘ﬂ’Nllﬂﬂﬂ 69 319N17 LA nau‘nmmﬂumaﬂ
@D 57 319NT Nﬁﬂ']iiﬂuuﬂllﬁﬂ\?qluﬁ']ﬂﬁﬂ 3

e
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#13199 3: Confusion Matrix Y93411/131299 Random Forest
VULANATDU (n = 126)

BNIERGEN vnne'lhidnge Ymnodnde 5o
¥innehidnae 60 9 69
¥mneEnde 6 51 57
59U 66 60 126

91AM3197 3 NI MVVTIA09 Random Forest @115 0
nnedeyanaaouiiuiu 126 18M3
Iagnaea 111 5918m3 ($ooaz 88.1) wagsineianain 15
579M3 (Feaz 11.9)
Taeuiatlu:

- MUwRANA ALY Type I (False Positive) 314U 9
3183

- WneRANaIALUY Type 11 (False Negative) 314U 6
M3

wennsananuuiud lumstuunugazaaa wud:

- nguADs Inalianmana Ianugndealumsyiuie
$ouay 87.0 (60 1N 69 518019)

- ﬂauwuﬂnﬂmuuﬂuumﬂ«m Harwgndaeslums
ﬁmmiaﬂm 89.5 (51 210 57 519N13)

3.1.4 M3Ysziinlse@nTaméd1e AUC-ROC Curve
HAN131AT1ZHA 28R Area Under the Receiver Operating
Characteristic Curve (AUC-ROC) 'W‘]J”h 1UVT1999 Random
Forest 1111 AUC 19111 094 B99a0g luszauganin
(Tﬂejm"lﬂm AUC > 0.90 ammmwmmumaﬂumi
$umn) agteuiuuusiaessungg mewwwuﬂmﬂaw
JJmmﬂﬂmm”nammmﬂumaﬂma%ﬂwfm

ROC Curve of Randoem Forest Model

0.8

o
o

True Positive Rate
o
=

0.2 ‘

| —— ROC curve (AUC = 0.98)

0.0 Chance

00 02 04 06 08 10
False Positive Rate

3109 1: 1#u T/ ROC ¥991111191809 Random Forest

L1}
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v ks
vougu3 Inaduilesaaaaingliman3 (G): nsdianysan iauasnuy

a 4 ) [ (4
3.1.5 ﬂ153lﬂ513Wﬂ’ﬂllﬁ1ﬂig“llﬂﬂ§l?uﬂi (Feature

Importance)

A13199 4: AANUAIAY VIR 91NV UTIADY Random
Forest

A aauls AMnNud IRy
(mnImFealine)
1 Sentiment Score 0.30
2 Engagement Rate 0.24
3 ANWAMINAIDN PRI 0.19
4 ANMUAMINEANDN “GI” 0.14
= S A
5 anuams Indaaoifou 0.13

1IR3 4 Hams SR ERBuduI ANMUSANITILIN
(Sentiment Score) 1Q% ﬂﬁiJ’cT’Jui’JJJ"IJ?NN‘UiIﬂmJu’dE]
mﬂmau"lau (Engagement Rate) Lﬂuﬂmﬂmﬂmmﬁﬂiu
ﬂﬁwmnimmmmﬂmaum Gl Tﬂﬂummmmﬂm
saufuDeeeaz 54 mam’;mmﬂmmwm YULNNG
NAMINAUNINLAY GI DUNDINT0IAINT uadInal
anudaglumsazioumssuipuanddadnuaives
uAunbag GI

Feature Importance from Random Forest Model (Google Colab)

Sentiment Score

Engagement Rate

Mention Frequency of Quality

Social Media Variables

Mention Frequency of Gl

Posting Frequency per Month

0.10 0.15 0.20 0.25 0.30
Feature Importance

0.00 0.05

51t 2: mwduestudsnnuuuiass
Random Forest

3.2 anilsewa

3.2.1 aﬁﬂiwwa@wqyﬁ

HANTI9BAN MUV TIAD Random Forest #11130
wmﬂimmmnﬂﬂummimﬂ%mawuﬂﬂﬂﬁuﬂ £30 GI
Santaunsnunldedaiilszdninin aoandeady
HUIRATBINYBRMIAMIATIANNFUIUT (Relationship
Marketing Theory) #14 f Morgan (8¢ Hunt (1994) ttae
Palmatier AZAMZ (2006) FUIBIIANNANAVOIRUS 1nA
wasnmsazaulszaumsaidaan anwlinede uaz
mmwﬂﬁu‘ﬁgﬁﬂi]mmsﬁﬂﬁﬁnﬁuﬁaéwdmﬁmﬁ $HIN
Aus Inaduaudwazduan namsinszianudidgves
G]’JLL“]JTWW“U’N Sentiment Score L161& Engagement Rate u
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Jasendn azieulifiuiiauafiFaulnuaznsiaiu
ﬁmnuﬁamﬂmJau"lauwmmmﬂuna”lmﬁmm“lums
FuaianuduiuiiFunisy 82012 FieoAnR0a
913094 Kumar 1ag Shah (2021) 13 i umstid
ianlulanddiafluiiladidyvesnisaaiaids
mmﬁuwuﬂuﬂﬂﬂmuu

wenand malsziiugaea AUC-ROC 7160103
A312H (AUC =0.94) §98U§UIUVT1a049 Random
Forest inmamnsolumsswundusInanguinduaz
namaﬂma“lﬂmﬂﬂu Tﬂﬂ“lu'lmuaﬂnumsmwuﬂm
threshold Nt UBY “]Nﬁﬂﬂﬂ’dﬂiﬂ‘]Jﬂ11J§wﬁ‘1/Iﬁﬂ1W’fJu°'] il
511U 13 vazaivayudedunundiseauanuidn
wagmsdaiusmiunumdiaglumssuunnganssy
Auslnn

TuyuueveangunsaIdyn s (Signaling Theory)
FarimurTag Spence (1973) e zldsumsversnnulag
Connelly Llas A (2011)aﬁmmwﬁmmwmwuuﬁmaa
aunsaaannu iaunnasvesveyasznIegveuazfuio
& wamm%fmwumwuﬂﬂﬂﬂanmﬂnw “AUNINT AT
“GI” ﬂanﬁmmualumﬂuaimwamﬂa annsoanwld
’mﬂuﬁmmmmmmamm Wi]11/iu1ﬂl‘]5ﬁ’é]ﬁ1illﬂﬂﬂ
wuﬂﬂﬂzﬂmﬂummmuﬁum UHAINUT LagAIW
Hu¥ede 1uu5uwmaaﬁummymmwuﬂﬂﬂ‘lnmmm
‘]JiwLlllmmﬂ1whlmﬂﬂ<§lﬂﬂ’ﬂumiﬁ]fﬂ dyanuaiu GI 39l
‘mflmwﬁmmiumsa@mm'lmmmmmmmamumma
diunniulalumsdaduladod qaft Verbeke aznmz
(2012) 1ae Teuber(ZOll)llﬂf]‘ﬁ‘]ﬂﬂﬂﬁ‘u%‘iﬂﬂ"llﬂﬂﬂﬁ
fusesnuniniazdea¥ngimansaenisiuiues
NUSIﬂﬂ

VAT wams:mﬂﬂaﬁuuauuuu’mﬂﬂmmmm
‘uwmmumﬁm (GI Value) 1% Aprile azae (2012)
ay Belletti uazAMY (2017)"1@11111,?{1;@'1’;’;1 Fud Gl
"111”lﬂﬁiNﬂmmm&Nmmﬁsmm uAgIai1anUA TSN
anval mmmauu nag mmwrwwuﬂuwumla AUBY
uvanan nafiwunsfuiqual GLiisninadenu
Anaveedus Ina aziounnumues GI luguziaiediio
adunnuuand1aag ﬂ’Jm"l’;’nﬂfmaaummymmm
Fnanauru @ FaaeandonuuITedum s
deduiizn oLiflunalniFenToussngiatesduiuaiy
AnAvesfus Ina

wans A3 M udnualumsndnie G d
unumd R yReANUANAYeIRUS Inauana 19 Induf
sty Tas 61 hiftseihmihiidustomuneuses
AU LmﬂmﬂummauimwmTﬂmmnmmaﬂymmm
WuNuazyuru mﬁmauimwuammmmqﬁmaﬂym
(symbolic value) ‘I/llﬂuﬂ’smwﬂﬁlﬂﬁelﬁﬂi] @99 Belletti 1o
ABE (2017) 1¥endre s unveansiamufieedu
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3.2.2 eflTonaaTIiouds

Tui¥432110u73398 MIANVUI1089 Random Forest
mwmuﬂﬂa Breiman (2001) 1A 15z @n3a1nh
ﬁ@ﬂﬂﬁﬂﬂﬂuﬂﬂmﬂmiﬂ'i‘”Lllum_l‘]J 5-fold cross-validation
(Accuracy 198 0.88 £ 0.03) HAZNITNATOUN VYA DYA
NAABY 126 518015 (Accuracy 0.88) azouldifiud
nuuiaedliaNuadeTgILaz aﬂmmmﬂwmﬂmm
overfitting NINAAVUA DLV UTIARINTANUFUFOU M35
1%Lﬂﬂuﬂ Cross- Valldatloni’JiJﬂ‘]Jﬂ1§LL1JQ"UE)3Jal,HJ1J
stratified random samghng ¥elimsyszfiulszaniam
ANV e NINTY mmmnmammmama'lﬂan‘l%
Tumsnagouuasise muﬂammmmiumwmmmm
ISR G aﬂmﬂwwaﬂmmmmam (bias) No1910A
nnmsguuiistoyalunday adq

3.2.3 Hagailgiia

lwdalUa vinszuvAnsizidoyanuiinzuuu
Sentiment A 1UAMNINNI® Glaaaseg19liod1Agy
Hilsy noumsansaiwasng 19 use zUUAOUAY
a9 (Real-time GI Quality Monltormg System) LWE]LN
ATINTBUNINTIIUMTHAN mﬁﬁammmuﬂ EL)
Uszaumsaivesgnai Favg F0TNIANNUNFEAD VDA
Fudh GI luszezem wonond maandilainlade
ﬁ'mmm%’ﬁmmwmiﬁdauﬁ'anuuﬁaﬁaﬂmaau"laﬁgﬂu
mmmmmmmmmﬂﬂﬂ A0ANADINUTDIAUDUDY Chen
1ae Xie (2021) m‘lwmummsamsumamimwaamﬂa
mamﬂuﬂmﬂsauimmmimﬁmﬁﬂauuﬁuums
mﬂﬁu‘lmmnaﬂmmummam”lﬂammﬂi zANTAIN
o1ifszneumsamnsneenuUNagnEnITAaIAd
mmumﬁzﬁN1J;]z-mwummmnnmﬂmﬂnﬂmmsmmq
avaldeerammnz ey

Taoagl namsAnRaasIifiunnusnave
wuﬂnﬂauﬂ £39 GI 3aMIAUATHUNAANIAMIHTIUAY
VBIANNFUWUTIFIU IR msuﬂgﬁnwuﬁammamm
ATNLUIAANITADIALTIANMUTUWUT (Relationship
Marketing) mie'mﬁmmm@ﬁ’wuﬂmmwua%mdqﬁmmu
ﬂﬂiﬁgﬁﬂlﬂﬂﬂ! (Signaling Theory) l1a1® ﬂmmwwmﬂym
YoIAUAT GI (GIValue)mmmmm"lﬂ“lmﬂuﬂiau
wAaFenagns lumswannmIaaadus un AT R
uazvesrhniteaduediedituae 1

4. agiwa

mmﬁmummﬂiwmﬂmawmmamumammmumﬁ
‘WEﬂﬂimﬁﬂ1uwﬂ’31nﬂﬂmmwﬂﬁ!aﬂ‘*ﬁﬂﬂlﬂﬁNUiIﬂﬂﬁuﬂW
mw5w"lmumﬁmmawwmmumam (GD Tag
U5z sjfmGl%mﬂuﬂmiLﬁejuimmmﬁmﬂmauamﬂnmm
dodenueonlnlufuifan Taunsnum nssannauds
duilz3a GIuasnuy namsAnaunIaaglassdiny
1@wail
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4.1 YszanEmniFanennsaiveanuudiaes

namafTeuneulszaniamvesuuitaeswu
Random Forest 1 wan1swernsalangatioiouny
Logistic Regression 118 ¢ Decision Tree 1@ ¥if1 Accuracy
M0 0. 88 A1 Prec1s10n0 86 A1 Recall 0.85 aLA1 Fl-
score 0.85 “Ifﬂlﬂuﬂuﬂaﬂiﬂﬂﬂi $UIUNIT 5-fold cross-
validationLmﬂﬂmwumﬁﬂamwmmu‘ummaﬂumi
ﬁmmimauawqmﬂﬁiaJwmTmmnim%am%mumm
narnvateLazA NN UTIF T UFou uena1nll 13
Uszifiudrent AUC-ROC 7 1891nn1331A5129 (AUC =
0.94) sNﬂuﬂmwmJ1Jmamummmmmiumimuun
wuﬂﬂﬂnamﬂmm ﬂamaﬂma“lﬂmﬂﬂu A0AAABINUA
ﬂi‘”’c’fWﬁmWElu”] mwmm"h

4.2 ﬂmawmquﬂnﬁuaau"lau

MIVATIE ‘wmmmﬂmmmmuﬂwimwmw Sentiment
Score 118 Engagement Rate gﬂuﬂi}i}ammmwammm
mswmﬂmmmmﬂmmwmiﬂﬂ Tﬂﬂummmmﬂm
saiuDeSosay 54 mmmmmﬂmmwm awmuiwmu
MNNAUAAIFILINLAY mmmummmmamawuﬁa
mﬂm)au"lau1;1Jumuwmﬂmmmmmauwuﬁvﬂvsm
59 ‘H’JNNUﬁIﬂﬂﬂUﬁuﬂuﬂ‘Hﬂﬁ Glvagiimsna1dda
Aummiazqual GI (Fovaz 33) imhiasuadiea
Forudeaum luFsadnualinsumasian

4.3 Vel fiRuazuinnssumusuilonds

qnmﬂummummmNmﬁ“lﬁnmaquﬂnﬁmﬁwm
meamﬂmﬂmmawauawan unumsieantoyallgy
ﬂmmummu mmaamamﬂﬂmunama n3weIns Iy
manutoya aﬂmmﬁmaqucﬂnifmwuﬂﬂﬂiumuw
Ensq"lﬂammmum wan1saneIianen1nlunisiily
se aﬂm‘lmﬂumsamaauuauumsmﬂﬁu%mmﬂm
Wioszuuihse 'Nmmmmmuﬂamnnmmwuﬂﬂﬂ
( Real-time GI Quahty Monitoring System) din g U
Alszneunmsdudunyasyanuiiuiazriignui
Ratoslusssuin

Tw%as2tovds msldmaiia 5-fold cross-validation
sauﬂunmmwauauuu stratified random samphng ¥4
unNuLuFedeveHan1sIte tazduduanuadosvea
11JU199 Random Forest Tumsnensaivoyalmi

T@aﬁiﬂqmnﬂuﬂs ﬁummﬁmﬂumiwmm
ﬁmmmmumamwmﬂimmﬂi ansaw uazuaaaly
WudannumuzanveImsysannsmaiinmsisous
mam3aqmﬂumiamiwmmauaﬁamﬂuaau”lauma
ﬁuuﬁqum:m'swﬁimmﬁuawmﬁmwuﬂuiamﬂmu
guaunuas GI luusunAsygnaaIia
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v ks
vougu3 Inaduilesaaaaingliman3 (G): nsdianysan iauasnuy

4.4 Fesriauazderauenuzmsidalueian

mm%ﬂuma%mﬂmﬂmﬂ%ammﬂﬂumﬂﬁamﬂu
poulail mm%"lumammmuﬂﬂﬂw%aﬁuaﬂu%mma
a’aW"lauwi'eJ'lJJ"lﬂuammmmumuuwawlmmwa
SAmans N #ANUEANIVY lexicon-based H¥od 1A
Tumsannudeanufifiosueinay sudas wiouium
mmzvesny Iny

dmfumsiseluouina arsiarsan: (1) nauvoya
ﬂsﬁmﬁémﬁuﬁ'anaaau‘laﬁ (2) Uszgnd lFimatianis
sg mawammmsmnmum 15U deep learmng -based
sentiment analysis (3) IHUAAdAYAEA AL FRREIT
35191 (Prlce Sentlment) (4) mmamiﬁﬂm"lﬂmﬁum GI
Yszinnduvaziunou uas (5) Wannszuuithse Sauuy
Lﬁﬂa"lmmwmmmauwﬂﬁ nouMIianuLul T unIw
mmﬂmmmmﬂmmwmim

5. inAnssanlsgme

mu’maannuauﬁ%ama”lﬂmammaumﬂ ¥
e sdlsz auninusanssunsaan
HALFINIBINT 0L YMIINYIATUATNUN {IT0UDVDUAD
N1 NCSDI 2026 115 UNTBUUUINIAZNIATFIY
MM AnoAIULaIToyAd D LAS %muaau"lau
w;]Juﬁimﬂmmmﬂmmmmiﬁﬂmmm
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Forecasting the Carbon Footprint of Electricity Consumption and Analyzing

the Harmonic Distortion Indices in Electrical Systems

a o [ Q"* a v d
INNT Gligﬁﬁﬁﬂﬂ LA INTUATHINUD
a aa o a I'4 o a % =1 Y A
ﬂ7ﬂ3‘ﬁ7ﬁ'ﬂﬁl’5$t’q]ﬂﬁ ﬂil!&’?‘i’lfnﬁ'ﬁTﬁillia‘IQﬂﬁ 11747?1’1872751474?77‘1«! Tﬁé’lWia‘?ﬂ@Mﬂﬁ7Wi&’1‘lﬂ5!7’i1‘l8
(*s6704051811029@email. kmutnb.ac.th)

% U
UNANEYD
ﬁu’ﬁ]ﬂull’mtﬁ_]i ﬁQﬂLW@Llﬁﬂ‘Umﬂ‘Uﬂi ’s'WI‘ﬁﬂTW"IJ’ENLlUU%Tﬁ’ﬂQ Deep LearnlngLLﬁ“’!.l‘U‘U%WﬁfN“ﬂN
ﬁﬂ@]iuﬂ?iﬂﬂ?ﬂim Carbon FOOtprlnt“lJENIiQ‘WEJT]ﬂa ‘Wiﬂll'i/N’JLﬂﬁ? wﬁmwmmmw"l%lﬂmmm Total

Harmonic Distortion of Current (THD) 182 1@ a1 uIN19n15 24N UioaananIznuAIUNE 19 1uag
Fanadew

msany Idlszidiuunuiiass 8 3Uuuy 1Uszneudie Deep Learning 5 111 (LSTM, GRU, BiLSTM,
Stacked-LSTM, CNN-LSTM) 1agiUu§1a09n19aD@ 3 U1 (SARIMA, Exponential Smoothing, Prophet)
Tag1ddoyas3a1nTsane1ra van1338enu31 LSTM Hilsz@namAigadioa1 RMSE 14.06 MAE
10.86 MAPE 12.66% 1ag R* I 0.7254 vz Muuui1a09n19adanneiia1 RMSE gani1 26.53 uag
“lwwamswmmmw”lumummm Tao LSTM finnumilonuuusiasanananangany 47% ludiu
RMSE u8n91ni 75 Stacking Ensemble 6311 R? gafi 0.9892 u’dmmmﬁﬂiuﬂiqmmuuum 99.84%

ﬂWHﬂﬂlﬂ1Wll1/\h/\h MINATE W’UEHJﬁ THDi 911U 2,107 ﬁ]mmuaiui 2uu 3 ld W‘]J’Nﬂ%ﬂ’dﬂ THDi ¥®4
ﬂﬂLV‘IﬁLﬂulﬂﬁiﬁTu IEEE 519-2022 T]ﬂﬁ’iuﬂhl?l 5% lag Phase A MﬂWLﬂﬂﬂ 6.74% Phase B 4.16% tiaig Phase C
6.50% E]Gli1ﬂ1§1ﬂu1l19’1§§1u5’31|ﬂﬂ!.1.]u 61 7% SU?Nﬂﬁ’JﬂTN“I/HJﬂ 526U THDi 1nadY 7% Ii\i‘lﬁlﬂﬂﬂﬁ’s’fﬂllﬁﬂ
‘wmqmmmu 625 kWh/3u 1aney CO2 L‘Wll 321.88 NN/ ﬂmﬂumummwn 3,125 11/

MIAATIZHANURUAMIUATHIM AT NUNINTINY 4.3 S luse i_li_lﬂ'iﬂﬂmiuﬂﬁﬂﬁ”i] T¥ina
Uszndagns 9.52 mumwﬂ mwawm'ﬂu"lnm 6 1Hou NPV 10 Thn1nu 60.06 a1uu1m tag ROI 5 Tgais
1,007% wamm%ﬂuﬁuuﬁuu“lwiﬁqwmmamu‘ummm LSTM mhwmﬂim Carbon Footprint 112811
Glu'suuuﬂsmJNﬂmmw‘lwmwaaﬂmwuwawuuawwaﬂs LNUADAUNAGONOEIT BN

maney: mﬁuauﬂﬂw‘%um, Anuisuaiueiingmuoanszua i (THDi), M3i30U351T98N, N3
WOINTBOYNTUIIA

Abstract

Climate change has compelled industrial organizations to accurately measure and report carbon emissions.
However, organizational-level carbon footprint assessment remains complex, requiring extensive data and
adherence to multiple international standards. This study proposes a novel framework leveraging Total Harmonic
Distortion of current (THD1) as a predictive driver for forecasting electricity-based carbon emissions. Harmonic
distortion increases transformer losses through conductor windings and magnetic cores, elevating energy
consumption and carbon emissions. Five deep learning models—GRU, LSTM, BiLSTM, CNN-LSTM, and
Stacked LSTM—were benchmarked against SARIMA and Prophet points from one Thai industrial
establishment. Results demonstrate that GRU achieves superior performance with approximately 80% error

reduction and R? of 0.977. A strong causal relationship between THDi and carbon emissions was One
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establishment. Economic analysis indicates harmonic filtering solutions achieve payback periods under two

years.

The proposed framework provides near-expert-level forecasting accuracy, enabling efficient

environmental compliance and supporting industrial net-zero pathways.

Keywords: Carbon Footprint, Total Harmonic Distortion (THDi), Deep Learning, Time Series Forecasting,

Power Quality, GRU Model
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#1519 1 Forecasting Model Performance Comparison (8

Models)
MAPE
Model Type RMSE | MAE R?
(%)
LST™M Deep 14.06 | 10.86 12.66 | 0.7254
Learning
BILSTM Deep 14.96 | 12.24 13.65 | 0.6895
Learning
GRU Deep 15.57 | 12.94 14.23 | 0.6636
Learning
Stacked- Deep 16.14 | 12.43 1472 | 0.6385
LST™M Learning
CNN- Deep 16.65 | 13.47 15.56 | 0.6152
LST™M Learning
Exponential | Traditional 26.53 | 22.94 24.95 0.0136
Smoothing
SARIMA Traditional | 26.91 | 23.64 24.57 | -0.0147
Prophet Traditional 99.33 | 78.47 78.76 -12.83

aseiFeudonssansammsnensanl3
msdasemiveululssnulsanervia Tasldluaa
Deep Learning 5 (41U (LSTM, GRU, BiLSTM, Stacked-
LSTM, CNN-LSTM) ttaz Tutaadia 3 uuy (SARIMA,
Exponential Smoothing, Prophet) HAN1INAT DU WU 11
LsT™ 1 wadfigalunins iy (RMSE - 14.0632, R? =
0.7254) 11428 BILSTM 1182 GRU vaiz 7 lutaaana
wanuatilseAngamdnedudany Tay Prophet 1#n
R Anau uaasaenny iamsasugiiuniidudeuves

]
= =

nangadg 47% lum

a

doyald LSTM iileni1 Tuaadda
4 1
RMSE 1009101 33 Stacking Ensemble 11wa laaiauiiqa
(RMSE = 0.0221, R? = 0.9892) 8n31 Tuiaaingade 99.84%
v a 2
msnadeuInuyateya THDI dudunaluiismaferni
9 A J Y <3| @
PoraueIuADeIANIAII 19 LSTM Wluandaenssuran

11az 1% Ensemble dmiuaundeanmsanumiudigage
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A1519% 2 IEEE 519-2022 Standards

Individual
System THDi Limit
Harmonic
Voltage (%)
Limit (%)
<1kVv 5 4
1-69 kV 8 7
69-138 kV 12 11
> 138 kV 15 14

a

AT TnTTEA IR sU e T Ue NI YDA
nIzue (THDI) 1InYoyasynsual 2,107 98 1usguy
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Section 3.3 - Root Cause Identification (Data-Driven)
Pearson Correlation — THD Phases (from raw data)

THDiImpact: Energy Loss & Cost

501 - ey s Kt

- o Cost M)
w0

3100

5 2w

3

5

s
THOLeve 1)

3 17117 3 Root Cause Analysis

w00

A1519% 3 THDI Impact on Energy, CO & Cost

Additional Annual Equipment
THDi Additional Cost
CO2 Cost Lifespan
Level Energy Loss Impact
Emissions (Million Reduction
(%) (kWh/day) (THB/day)
(kg/day) THB) (%)
3 125 64.38 625 | 0.2280 2
5 347 178.69 1735 | 0.6330 5
7 625 321.88 3125 | 1.1410 10
9 972 500.63 4860 | 1.7740 15
11 1389 715.19 6945 | 2.5350 22
13 1875 965.63 9375 | 3.4220 30
15 2431 1,251.94 12155 | 4.4370 40
a o d;/ [ dy 14 a
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Section 3.4 — Policy Recommendations [Data from Files)
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3 Un1WA 4 Multi-Tiered Policy Framework

A5 197 4 Organizational Policies

Policy Area | Recommendation | Timeli Responsibl Priority
Power Establish internal Immediate | Engineering High
Quality THDi limits
Standards stricter than IEEE

519
Investment Allocate budget FY2026 Finance High
Priority for harmonic Budget

mitigation in

CAPEX plan
Monitoring Implement real- Q2 2026 IT/Engineering High
Systems time power

quality monitoring
Training Train all electrical | Q1-Q2 HR/Engineering | Medium
Programs staff on harmonic 2026

issues
Maintenance | Include power Q12026 Maintenance Medium
Protocols quality in

preventive

maintenance
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Section 3.5 — Cost-Benefit Analysis (All Data from Flles)
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;Jﬂmwﬁ 5 Cost-Benefit Analysis

A1519% 5 Annual Savings Breakdown

Savings
Savings
Category (Million
(THB/year)

THB/year)
Energy Loss Reduction 8,900,000.00 8.9000
Carbon Emission Reduction 471,642.15 0.4716
Equipment Lifespan Extension 302,343.16 0.3023
Operating Costs -150,000.00 -0.1500
Net Annual Savings 9,523,985.31 9.5240
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6-Month 1-Year
Indicator Baseline Measurement Status
Target Target

THDi 7.0% 5.0% 3.0% Continuous Track
Reduction
Energy 0kWh 0.9 MWh 1.8 MWh Daily Track
Savings
Cost 0 THB 4.8M 9.5 M THB Monthly Track
Savings THB
Carbon 1,603 1,145 687 tonnes Monthly Track
Reduction tonnes tonnes
Equipment 92% 94% 98% Quarterly Track
Reliability
IEEE 75% 90% 100% Continuous Track
Compliance
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Abstract

This study aims to analyze the determinants of default risk among automobile buyers using individual-level
transactional data from 4,990 hire-purchase contracts approved between 2024 and 2025. The data was analyzed
using a weighted logistic regression model to address the class imbalance problem, as the default group
constituted only 4.85% of the total sample. Model evaluation employed a stratified training-testing split (70:30),
and classification performance was assessed using the Receiver Operating Characteristic (ROC) curve. The
empirical results indicate that occupation, age, guarantor presence, and loan amount are significantly associated
with default risk. Specifically, borrowers with stable occupations—such as government officials, private sector
employees, and state enterprise employees—exhibit lower risk compared to business owners. Concurrently, the
presence of a guarantor and being in the 31-60 age bracket contribute to a reduction in default probability.
Regarding contract terms, higher loan amounts were found to increase default risk, whereas opting for shorter
installment periods significantly mitigates this risk. The model evaluation yielded an Area Under the Curve (AUC)
value of 0.597, indicating a risk discrimination ability that is better than random but remains limited. This study
suggests utilizing the proposed model as a preliminary risk screening tool to support credit risk management in

financial institutions.

Keywords: Credit Risk, Loan Default, Automobile Hire-Purchase
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Abstract

The non-life insurance industry in Thailand has experienced continuous growth amid increasing uncertainty
arising from economic factors and natural disasters. Consequently, the estimation of loss reserves has become
critically important, particularly for Industrial All Risks insurance (IAR), which is exposed to the potential for
high-severity losses. Maintaining the financial liquidity of insurance companies necessitates an appropriate
estimation of loss reserves. This study aims to examine and compare the performance of loss reserving methods,
namely the Chain Ladder method, the Expected Loss Ratio method, and the Bornhuetter—Ferguson method. The
Mean Absolute Percentage Error (MAPE) is employed as the criterion for evaluating estimation accuracy. The
data used in the analysis consist of semi-annual paid claims data based on accident year data for IAR insurance
policies from 2019 to 2025, earned premium data from 2019 to 2024 of an insurance company, and industry loss

ratio data published by the Office of Insurance Commission. The results found that the Chain Ladder method
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provides the highest estimation accuracy, with a MAPE of 7.69%, followed by the Bornhuetter—Ferguson method

and the Expected Loss Ratio method, respectively. The Chain Ladder method is most suitable when sufficient

loss development data are available, whereas the Expected Loss Ratio method exhibits relatively high estimation

error. In contrast, the Bornhuetter—Ferguson method is more appropriate in situations where loss development

data are incomplete. The findings of this study can serve as a guideline for risk management and loss reserve

assessment for insurance companies.

Keywords: Loss Reserve, Industrial All Risks Insurance, Chain Ladder method, Expected Loss Ratio

method, Bornhuetter—Ferguson method
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231 SEmssudeunudng TmuuFeanostuvos
eael] (Double Exponential Smoothzng Brown’s Method)
EELRERIVETRE mmmamwumimaau"lmn]u
uud TfFudy (Linear Trend) taz lifianuiuniuaiy
9014 (Seasonal Fluctuatlons) wonvnHaunNIzd 11y
MINGINTAI TN ITTBTAUTITZezTunaa Tﬂﬂmamw
14l umsnensaindsiiesnaries s A1 wie 5 A9
, Ye = Bo + Bit+ & (1
Taon
Y, femdeyansemdunald s gaanant
By, By A® ﬂ'wwﬁﬁma%wqﬁmuuﬁmm
g A9 AINNUAMIANADY & FIIAN T
'g’?mﬁ"uﬁumymi’mamﬁwamm‘f a1u1sodalalu
sunuy e Uil
Yi+m = a¢ + bym
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Regression) ‘

FudsmsnadanldinsigianuduiusiFadu
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fcm11mmmmmauwumﬂuwuau YL RGEREY
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233 msUSuGeuuydnd TnunuTeanoasuve
Toaii (Holt ’s Method)
Lﬂmwmmwmmmauaaumm’mmmmﬂumﬂu
Faudunse sudumngdmiunisnenns sy
FLE mm‘ﬁé’uﬁﬁ 20 RIRTIGRN Tﬂaﬁﬁ’auam%’iums
wensainsiiediafes s A1 Mie s ¥ dmiuda
Lm1Ji]mawauaauﬂimaamiumiwmnsmu GRITRER
uiioeniy 2 sﬂgmu Sato 13
= By + B1t + & (MUVVIN)
Yt = (Bo + B1b)et (mem)
Taeft Y, fio mmauamammma% a FNA t
By, [31 fie AnnsfimeSvesdanuuiaes
g, A9 AINNUAANADU B mmm t
mwim:nnmmammswmnmmmmuuummmu
suuga ensnda lalugduuu@eanu Satol1)id
‘ Yiim = a; + bym
Taeh Yy A0 Anennsaiananiin 1dn m $ranm
a;, b, Ao A1szanaveanIiaes B, uay B, o
ot
1l

©
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(an

ag=aYy+ (1 —a)(acy +beq) (12)
by =v(@r—ai-1) + (1 —y) by (13)
Tagf o fio masiivesnstuFeussniadoyasiaag
Amensal Taoliaegluyneo <a <1
y fie masfivesmsdiuGeuszniauua Tiuis s
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23435 AunAnAo U UYLE 291111 (Weighted
Moving Average: WMA)

uJmﬁmiwﬁlﬁumuﬂﬂmam“luaﬂmmawmmm“ln
MmN Iﬂﬂ“hfiﬂam’mﬂmﬂmamiuﬁmmmmaﬂu1ﬂfm
mam"luaﬂmma‘lnaaaﬂﬂﬂ Tﬂﬂwqyguumﬂﬂumi
A1UIUA Expected Loss Ratio uaidesas (%ELR)
dmsulumsyszanauaitudisesdn Inuueeds Expected
Loss Ratio (ELR) 1Hazds Bornhuetter—Ferguson (BF)

Yerr = WiYe + WoYeog + WaYep + -+ WYy

' ' (14)
Tagh ?m fin MAwensal a ¥ t+ 1

Y, flo ﬂWﬂllﬁ"l]NW’iﬁﬂWlﬁﬂmﬁulﬂ W ¥

W; fe mmwuﬂmawauaiuawmﬂum iei =
1,2,3, ..., k tag HasMveAMIImInTauARe Y 1
nanAe Y, W, =1

2.4 Imsdszanamitdudse st lnamaunu

2.4.1 351 lagn 195 (Chain Ladder Method: CL)

AuIsmsdszinamitudsesaau lny Tasendoms
miﬂu‘uumamﬂmﬁu‘lmiuaﬂﬂmmﬂmam‘lﬂ’damﬂm
S35tz Imafinuzauideriiednisaianiseiin
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2411  Guapumsmialuitiulagnls
1) msvamseudoya doyanidulvusieazan
(Cumulative Loss Payments) Tuedn ﬁ]&gﬂi]wﬂﬁ N
Tugduvvarwimasyniswaul (Loss
Development Triangle) Ta831111nn 111 g1iaie
(Accident Year) 1ag¥29122103 013 Waiun
(Development Period) ¥4¥ 41884 52021901
ndnilgiamgidoyamaunudanaiing
wasunlaterann

9']151\17] 2.1 Llﬁﬂﬂfﬂi1!1%’8)11@1?11?(1!11411%181146@@111
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ﬂﬂ_‘l.lm'ﬁﬂ maulvunaunuieazay ('WH’JH) MUF NN

(Accident Year) MINAU

2921 ATMIWAIUT (Development Period)

0 1 2 3 j
AY 1 Cyo Cia Cip Ci3 Cl,j
AY2 Cao | Con | Cyp | Gy
AY 3 Csp C3a C32
AY 4 C4,0 C4.1 ! Foyamau TRy lifaiy L
AYi Cio [ [

1
~

o ¢y e mauTnusivazauvoddigifmad i u
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2) mimuamﬂﬂﬂﬂmﬂﬂaﬂuuﬂawmuam
ﬁu"l‘wm1ﬂmw’mnam:Jmﬂﬂaﬂuuﬂaq YU
wugmmmmmwﬁw’du (Age-to-Age Paid Loss
development based
payments) LAZATUINNIANURAOUDITITONT
W (Average Loss Development Factor)

factors on cumulative

C1]+1

(1%

LLDF;; (16)

Loss Development Factor (LDFj_;,) =

Anndsvasiladonsiian ) = —2
1

iile LDF;; o ﬂi}i}ﬂmiwwuwmﬂaumwwﬁ i
°1wmmamnmiwmm jfej+1 Sl a9
mmumﬁﬂmymmmaammﬂmamﬁwmm '

f; Ao AunAsvosadamsna 9INYIIAIN
MIWAUj D9 j + 1 ' )

n; fie Smatlgiamaniideyansunades
290981

3) 1511 UA Tailed Factor LL’dZ?ﬁ‘H’Jm Cumulative
LDF Muianmiiiainunaevesfaions
Wan vearasnanlmsnanndagiugunua
Cumulative LDF v8933380 11 Tagfuamdon
MINFINANYIel (Ultimate) 11695298 U0
FINANUMIWAIU
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4) miﬁmamyjaﬁwmwm%wwauym‘f(Estimated
Ultimate Loss) Analdnnmdu Tvuteazay
a1ganuUA0 mmaﬂmmﬂﬁmﬂmiwmmm
au'lwmwa”aﬂmma $291 AT mswani
Mdooy Tﬂﬂﬂmmmm%umimw Ultimate

5) msdmuamaulnusioay ausudaidogiiv
(Paid-to-Date) Ao mau'lvmmmimﬂ%iqa”au
aunatlagiiu cm“lﬂfmau"lmmgjﬁwfmmqmm
uaazginmgINMIs MM aENMI WA

6) msdszmnamidudisesdulny

Loss Reserving = Estimated Ultimate Loss - Paid-to-Date
(17
2.4.235MMIARNIBVBNOATIAIUAIAIINITEH 1Y
(Expected Loss Ratio Method: ELR)
Wudsmsdszmnaaniudrisesaulvulasld
ANNFUWUTT21I19A1 Earned Premium 1Az Expected
Loss Ratio (%ELR) Tumsdszanayaniniiuidonie
auyIal AagasaumIi (1s) mmﬂ%’ﬂumaumummum
au'lmmﬂﬁ“ﬁmumﬂﬂﬂuu [4-5] asumeuse 113

2421 tunsumsiiraluitainianuovoq

OATITIUAIN NIV Y

1) N15AIMUARAT Expected Loss Ratio (%ELR) N13
1den %ELR Jvainnaregduuy s 14910
doyadounas YoyauonuIEM Yeyanin
gaavnTIN Hudu

2) M3IMKUAA1 Earned Premium dm5udoyaludl
A.4. 2019-2024 15 udoyavinuI inlseAuse
@7U Earned Premium 1501 a.7. 2025 1a01n
MINenTal 175 Simple Linear Regression

3)  msmayamaudemeauysol

Estimated Ultimate Loss = %ELR x Earned Premium
(18)
4 mstmuamau lvudeazduauiadegiv
(Paid-to-Date)
5)  msdsznumidudrsesdn vy
Loss Reserving = Estimated Ultimate Loss - Paid-to-Date
24335ve5uduemnaes-tlesdu (Bornhuetter-
Ferguson Method: BF) ‘

Wudsmsdszainamitudisesdu nuinaunauy
5% mnmanaﬂs aunisal luefAnuas mauaﬁu”lwuw
mmuuaﬂuﬂmuu Tﬂﬂmﬁaﬁnnmmmmwm
Expected Loss Ratio (%ELR) ﬂuﬂuaﬂmummau"lwuw
mmwﬂuaﬂswqmmaﬂﬂuwmmmw FaluTsmsh
!ﬂu’s‘ﬁﬂiiﬂWﬁNiwﬂ’JN’J‘ﬁ Chain Ladder 1t Expected
Loss Ratio TngmsUszinayadinnudonisanysal
uammamaumsw (19) [4-5]
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1) MIMuUAAI Expected Loss Ratio (%ELR)

2)  MIMHUUAAT Earned Premium

3) mismvuanau lvudeazduauiadegiiv
(Paid-to-Date)

4 msmuayamaudeneauysal

Estimated Ultimate Loss = Paid-to-Date +

1/Cumula‘lrive LDF)] x %ELR x Earned Premium]
Tavf %Paid = 1/Cumulative LDF

5)  mstlsznamitudisesdulny

Loss Reserving = Estimated Ultimate Loss - Paid-to-Date

[(1-
(19)

2.5 mmvﬁm%‘lymsﬂazsﬁuﬂszanﬁmw ’
2.5.135AuRAgVeNTREAzAINARIAAAD LAY TE]
(Mean Absolute Percentage Error: MAPE, )
Lﬂum%mﬂ%ﬂiwmuﬂi LANTNINYDIA LY
Wo1n 59l Earned Premium 1azaA11szuisiyaniniiu
mamaﬁumm Tﬂmmmmuwmmﬂmﬂmmumm
ﬂ’JHJﬂmﬂmafJuiwﬂ’JNﬂW%Wmﬂimﬂﬂﬂmﬂ [6-7]
2.5.1.1 mumeumsmmmmmaﬂmaﬁaﬂa RERPY
AmandeuFNYsal
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9, = ﬂmeﬂwﬂimWiaﬂ1waﬂ a
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n= mmuﬂammﬁmwm
2) msmu’gmmmmwmmmﬂaauaumtﬁ
(Absolute Error)
Absolute Error = |y; — §;| (20)
3) m'iﬂmamwuﬂaswumam’;mﬂmmﬂaau
ﬁllll“i m (Absolute Percentage Error : APE)

A3

APE; = |Y|1y3|/1 x 100 @n
1
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duysal
MAPE = = Y%, APE; (22)
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3) ?Tmﬁaﬂﬁmuumiwmﬂ'ﬁqu Earned Premium 7
IMUIZAUINAT MAPE fga
4) ﬂmmmﬂmwm&mmamwmummmmﬂmﬂ
(%ELR) Tagl#3smmasndounuuuaiamin
(Weighted Moving Average: WMA)
5)  MulayasIamFernieauysainazlsyuno
A1dud1sean1dulvuTaneldis Chain Ladder
Method (CL) % Expected Loss Ratio Method:
(ELR) 118273 Bornhuetter- Ferguson Method (BF)
6) uisuifsunazda@enisnslszmuaiu
drsoedu Inufinuny ausnm MAPE m‘ﬂﬁﬂ
7 aglwa

3.3 HaN13308

Poyamau lnuiisazay Swunawigiamguay
#2902 NUMIHAU (M1 10,000 VM) %”ﬂm‘%ﬂm?'ana
Glus1JLmm;]ﬁNammaﬂummﬂummmﬂ £¥ 13
152 mmﬂmumimﬁu”lwu FIAIWITOATIVAOUAIIY
AsUdIuLaY mmmmawawammﬁu"lwﬂmma 1
CHERENGE ’JmﬁvmﬂLmumnwmumaqmau"lwmm
FRANTMINAU mﬂwuumumﬂmﬂauuwaua"lﬂ
IFiuudas NI (Development Factor) #9915199
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M5190 3.1 Yoyasau lvuseazan (11120 : 10,000 VIN) MUFINIANTMIHAUL

Ay lrudeazay (1MU9e : 10,000 VIN) AUFIIANLMTHALN

=2}

P NTMTHAU (Pou)

E
)
=

-

6 12 18 24 30 36 42 48 54 60 66 72 78

2019 7,585 | 53,552 | 114,075 | 161,142 | 165,882 | 166,424 | 166,615 | 170,098 | 170,102 | 170,476 | 170,560 | 170,565 | 170,572

2020 13,529 | 77,768 | 115,038 | 132,466 | 166,501 | 175,006 | 183,681 | 185,400 | 192,254 | 192,254 | 192,254

2021 10,436 | 60,549 | 145,355 | 166,996 | 188,644 | 189,102 | 190,129 | 190,758 | 190,775

2022 7,581 | 39,105 | 71,715 89,423 | 130,613 | 134,728 | 140,502

2023 6,906 | 50,425 | 126,036 | 153,286 | 182,916

2024 10,473 | 71,200 | 120,654 élgllay_afiﬁu‘lﬁnﬁ’nﬁmﬁtﬁ"hhﬁmdiu

2025 5,641

Regression) 1101 ’J"ﬁﬂ”li‘L]‘i‘]JLiﬂUL@ﬂcﬁIﬂLLuuL%ﬂﬁﬁﬂﬂmW

100.00% 97.49% 99.80% | | 99.93% 29.94% (Holt’s Method 2 muum HANITWOINT DI UD LA ae
93.08% 98.58% 99.91% 99.94%

95.13% L!,‘]J‘]Jﬁ]m’ENiJ”IL‘]EEJ‘]Jm%JiJﬂ’NNLL&JuEﬂ‘UﬁNmiWEﬂﬂﬁm IN®

8000% 76.67% ﬂmaaﬂuuumaaw“lwwamm ﬁwﬁﬂmwmﬂim Earned

60.00% 2% Premium 711422 ﬂﬂm'lﬂ“lmﬂumauaﬂi naulunis

15 mmmuumiamu"lﬁummﬁ Expected Loss Ratio

40.00%
— (ELR) u,a 3% Bornhuetter— Ferguson (BF) Tﬂ gNaNIg
20.00% WIS nAAsRaT e T
4.90%
0.00%
N ® 3289 YT RR Y
S d s 32 s % F o2 g R E
. 5 8,000,000,000.00
P9I NIMINAU (Pon) (S o0
AN 3.1 6uauasaﬂawmmmau"lwmwammm 000010 /\ S
¥IAN UM THAIU S— _——
a Y Aa o =
110317 3.1 nsllansazihnduldeiianudug P
snnlususn uashos g aﬂawmﬂumumﬂuumuau I
dienaidiulal uﬁm’;mﬁmﬂmﬁu"lmeﬂmuaaN
2,000,000,000.00
52052114529 3 usn 36 1hou) Tag o ﬁuqmﬂauw 24 wo o wm o am am s
u'%ﬁm'lﬁ’%'wﬂ'w%u"lyﬂu"lﬂué’aﬁq 62.07% uaz1e 11udn
o I a A T A A
Wiy 93.08% u Fugaioui 36 ¥99%19I1NNNIS
i P ER) uanamsnfiouiouninaay LANEINITDUD
34 mnluuaudedsziussnoousiela (Earned odsziufoiitodusald
Premium) ) 4 , 4 , 2
I G <1 . MI199 3.2 AANUAAIAAADY LazANeInTaltlly
Tun1sAne1d K1P15NeINT0IA1 Earned Premium s dag T
d Ul a.a. 2025 Tagld40ya Earned Premium 3167 k
Faudil ﬂ f. 2019 94 .71 2024 Tumsa$rauvusiaes e IV I i IR R
Wﬂ’lﬂ‘jm Tﬂﬂ]‘lﬂﬂ’]ﬂ’]‘jquaaBUﬂ’J’lulﬂu’] awllaw 2019 4,163,959,327.60 4,811,006,110.78 15.54 4,137,876,379.76 0.63 4,010,192,068.79 3.69
ﬁij 1] ﬂ % 1u 6]_' a QLLU 1] % 1a a q na u ﬂ ’]S u 11] ’]‘1&]5‘1“ ﬂ ’]3 /J lﬂ S 1 ﬂ 2020 4,455,038,508.64 4,511,614,797.56 1.27 4.,605,518,706.91 3.38 4,523,287,063.01 1.53
LW ’E-] (1 ﬁ Llll 1] % "I a ’f] q 1] ﬂ ’J "I 1] ﬁ ’E-] ﬂ ﬂ a ’E-] Q ﬂ ‘1] a ﬂ B m 61] ’f] q EU ’E-] 1] a 2021 5,025,166,825.32 4,670,369,348.63 7.06 5,073,161,034.06 0.96 4,970,753,220.88 1.08

2022 5,480,934,990.38 5.271,675.783.51 382 5,540,803,361.21 1.09 5,454,478,854.12 0.48

i]1ﬂfﬂiW%WimW’J‘ﬁﬂWinﬂﬂimﬂlﬂiﬂ ﬁllﬁ?“ﬁi‘]J‘U’é]lla

2023 6,743,671,110.10 5.821,181,761.64 13.68 6,008,445.688.36 10.90 5,929,940,159.08 12.07

auﬂimaammmﬂuu Taadonlddrmuunernsed 3 m

2024 5973,122423.77 7.234,157.339.90 2111 6,476,088,015.51 8.42 6.638,123.643.90 113

15 151] ”lmm ’J‘ﬁﬂ']iTJS‘ULiUULLﬁJUL@ﬂ“KIWL‘NNLTﬂaﬁ@Qﬂﬂ!

2025 - 6,492,829.691.19 - 6,943,730,342.66 = 6,90,187,368.98

YOIUIT1IY (Double Exponential Smoothing: Brown’s v 041 4z s00

Method) 33150A0081F I U0E19418 (Simple Linear
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1INMNA 3. 2 W71 Earned Premium A1934 18301187
S Wit Mifissrrananlaonavesdoya wy
mimmmummmﬂuumﬂanmanaummwumu 1
wmmnwamsﬂivmummmuuummnm MAPE WU
TimsoaneuFauduediedie lin1 MAPE diiga Tasiial
iy 423 Fadluiianianumne mmmanamﬂﬂﬁﬂ
dmsuldnernsaini Earned Premium madmsﬂizﬂu IAR
Taudin1we1n el Earned Premium 1wl 2025 111y
6,943,730,342.66 V1N AaAIN 1UA15199 3.2

3.5 nan15U3523NAUMMANNIBVUDIDATIAIUAINIIN
@emne (Expected Loss Ratio: %ELR)

Tumsdszuian Expected Loss Ratio (%ELR) Tasld

Ao3asATIAINNNTENE (Loss Ratio) Y091/521Usie AR
NAFIUNNUANZATTUMTMN ULz auaIuMslsenou
ganvisenune (aa.) [ ) 8] w29l a.et. 2016 fa A, 1. 2024
wfoulasld 3 aﬁmmaﬂmaaummummmuﬂ
(WMA) Taosmuasanauarnimiingly 53:2 Tasl
umuﬂﬂuﬂmﬁmmmwﬂﬂau eazfoununTfums
Lﬂaauuﬂmmuﬁma”ﬂﬂﬂuu

m319fl 3.3 Joyamsilszanamaanuneves
AT 1EIUAINNNTON Y (Expected Loss Ratio: %ELR)

Year Loss Ratio Expected Loss Ratio (%ELR)

3" NCSDI, April 03, 2026

M3197 3.4 wam s sznamidudisosan Tuy

(Loss Reserving)

Reserving using Reserving using

Reserving using
Year Paid to Date Expected Loss Bornhuetter-
Chain Ladder

Ratio Ferguson

2019 1,707,955,844.84 1,023,431.67 85,768,247.53 1,074,248.07
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Abstract

This study aims to segment health insurance policyholders in Thailand based on household socioeconomic
characteristics using secondary data from the 2021 Household Socio-Economic Survey conducted by the National
Statistical Office of Thailand. The analysis focuses on 3,814 individuals holding health insurance policies. The
clustering inputs include quantitative variables: age, household income, insurance premium, and expenditure on
medical supplies, together with categorical variables: sex, marital status, educational attainment, and economic
class. Two-step cluster analysis is employed, and clustering quality is assessed using the Silhouette measure of
cohesion and separation.

The results indicate that the optimal solution consists of three clusters using eight input variables, yielding a
Silhouette value of 0.38, which suggests a fairly good and interpretable clustering structure. Cluster 1 represents
professional policyholders with higher income and higher education, characterized by higher premiums and
higher health-related expenditures. Cluster 2 comprises service and manufacturing workers with moderate
income and education, who tend to select insurance coverage at an affordable level aligned with their financial
capacity. Cluster 3 includes lower-skilled policyholders with basic education and lower income, showing the
lowest premium and medical-supply expenditures while having the highest average age. Overall, the findings

highlight that age, education, occupation, and household income play important roles in shaping health insurance
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choices and coverage levels. The resulting segmentation provides baseline evidence for understanding the

structure of health insurance policyholders in Thailand and can support product development, service design, and

policy directions tailored to the characteristics of each group.

Keywords: health insurance policyholder segmentation; two-step cluster analysis; health insurance
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Abstract

The purpose of this study is to develop and evaluate credit approval decision-making frameworks based on
the contextual bandit problem, with a particular emphasis on the effects of borrower feature dimensionality
(Feature vectors) and the number of approved borrowers per decision round. A neural network was employed to
simulate the credit scoring and loan approval process. Four classes of agents were investigated, namely Greedy
agent (GRE), Thompson sampling agent (THS), Deep greedy agent (GRENN), and Bayesian bootstrapping agent
(BBTS). Six experimental scenarios were constructed by considering borrower feature dimensions of 5, 10,
and 20 and selecting either 1 or 10 borrowers per round from a total of 100 borrowers.
In each scenario, the experiments were conducted over 3,000 decision rounds and repeated 50 times. The results
demonstrate that the BBTS agent performs best when the feature dimension is 5 and 1 borrower is approved per
round, achieving a cumulative reward of 181.44 £+ 137.59. When the number of approved borrowers increases to
10 per round, the THS agent outperforms the other methods, with a cumulative reward of 1,787.46 = 1,194.26.

For the feature dimension of 10, the THS agent exhibits the best performance in both cases of approving

91



3" NCSDI, April 03, 2026

nFAUA IMATINUR uaz l@nass (hosag Inyad

1 and 10 borrowers per round, yielding cumulative rewards of 192.40 + 107.78 and 2,035.54 + 920.23,
respectively. When the feature dimension is further increased to 20, the GRE agent achieves the best performance
in both selection settings, with cumulative rewards of 152.94 + 96.06 and 1,708.94 + 585.40, respectively.

Keywords: Reinforcement learning, Credit scoring, Bayesian bootstrapping, Agent, Environment, Neural

network
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2.1.2.3 uleane (Policy)
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2.1.3 miaammﬂmxmu (Agent design)
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ALGORITHM 1: UNDERWRITING ALGORITHM

1:  Input Prior distribution N (z,2),

2:  Initialization H, = ()

3: fort=0,1,...do

4: recruiting Obtain a pool of loan applicants 4

5 scoring Derive credit score s, foreach a € 4

6 making decision Rank a € A ascendingly by the
score s, breaking

ties randomly, and let 4, be the first N members
Extend loans to each @ € A

7 receiving feedback Observe O, ,, the default
outcomes of approved loans in A4,

8: updating /1,,, < append(H,, 4,,0,,,)

9: end for

dumumsiSeujuuesuiduaasuuueziizms
I ag uuummsﬂmﬂumﬂaﬂym Tagazl¥nszuiums
Fuise ﬂuauwamﬂwanmmﬂumvu"li’“luaaﬂmmw1
aaﬂmwnuw1mu1u5ﬂuuuaum Tﬂﬂ“lmma 2Y291981
AUNUILTIVTIMNGUATE YD 4 FIVUIAVRINGUAD
|A| K wmaauwmma AU ae A ﬂﬂ‘t‘lﬁ“]ﬂ&lﬂmﬁﬂ]slm“’
fru1nAesToyaaodyane 12015 UTUN (Context
vector) uazlfmma{ﬂmﬁﬂymz (Feature vector)

2.1.3.1 9955 UN
T
¢a = [¢a,l o "¢a,M ]

Tﬂﬂﬁ M ﬁa%"wmunﬂmagﬁuw

Wunamesuuy One- hotencodlngﬁﬂ’ii‘ﬂi ‘Uﬂ’cm
Ui‘]J‘VIﬂJ?NNE‘ﬂJﬂiZ‘TNL‘Bﬁ Vlﬂi‘)\iﬂ‘l]i ﬂﬁ‘]Jfl] llﬂ“‘l_]uﬁuﬂ
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ﬂ?ﬁﬁﬁﬂﬂﬂq&lmﬂﬂﬁﬁnﬂiﬂuuu Gluﬂu?’ﬂflu“ﬂﬂ?ﬂuﬂﬂ?
il 4 nqu

1

14 o
2.1.3.2 17nmesAanyale

T
X, :[x sees Xy g

Tﬂzm d ﬂammunﬂmmﬂmaﬂymw

Lﬂumﬂmmwhaﬁmﬂﬂmanym wnmsmu
mawqmﬂﬁmmwaumauwa LBU iw"lﬂ n15g wu
SIEE %’lﬂﬁ“lﬂi U mamﬁmmﬂiwau 9 L’Jﬂmaﬁu
mwmmﬂumanaumﬂﬂﬂmmumammﬂm SUUU
mimﬁummgmu ﬂﬂﬁiNiﬂﬂ 2muﬂi znoy laun
muﬂmaﬂym mﬁmnﬂmimmumﬁmmm (Uniform
dlstrlbutlon)‘]Ju"h"J\i[ 1, l]wummgﬂuaai AOnNU (ii.d.)
U d -1 U@ nanfe

x,, ~U(-1D),

@

i=12,..,d-1 (3)
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uawmuw 2 mmwm“lwnmmwmmu 1 mamwum
Fusnedi (Intercept term) 1UUUVTIADY Tuamisoiim
”lﬂmwuﬂmnﬂmammawmﬂmﬂu 5,10 uaz 20 4@

Lm)fﬂ’;Lmu'lmmanmanmaimﬁﬂwmmwanﬂi
ELE 'iwuméuumuaﬂ"lﬂﬂa mstlszidunay Waziy
1ATAN (8cormg)°ﬂﬁ]muﬂmmu@ﬂmuﬁmﬂaﬂmmm
Aunuudazlszian Tagaunuay sihdeyagladsu
URECRITRLTDYRE sduiieilse mawaaaﬂmgﬂuﬂ zuuu
ANUIFD s, moldndninasiddyfening uuuwmmaw
azfioudanduiiieg ziflulumsaaintse wu(Probablhty
ofdefault)ﬂmm mawauﬂsmﬂﬂusluﬂau'lmums
Usziliumne uuuxﬂumﬁfmiaﬂﬁ LUV wmﬂlumu M3
mﬁu%aumauwa (Underwrltmg deCISIOIl) Ia Elmuwu
W mmﬁmmﬂuwauﬂimwmmﬂwwm UUUANNIETE
mwm”lanm"lﬂwmmmm Pntuagiinsfaidon
aumam%immwauﬂi“l,umﬂ‘lmumuau N 519
“lumm”mwamswuﬂ ZUUUANVITGIZINIUNUNAINGT)
W nﬂﬂgmﬁﬁuwa uazAAeNANTTUIUMINNTANTY
iauuumwmmnmmuummvﬂaaﬂauwa ANUE
mmmwammaumﬂmmzﬂmﬂ (Feedback observatlon)
Tﬂwﬂmanwﬂimmiﬁma wummwﬂiuﬂaw"lmu
@en 4, Nimitiszauamilnd viomamsdaiatise

Y

nHIY

o, ={0,1}* (4)

*ﬁ’auammﬁi}“aﬂﬁwﬁjwdaﬁuﬁauﬁﬂﬁ’wﬁa
miﬂﬁ‘uﬂﬂﬂi ‘mumisiﬂui (Modelupdatlng)
°lumumuus zUDIzUfinHaans M5z nil nagdoya
“]J’i‘]_lﬂﬂlﬂﬂ?“ﬂﬂﬂaﬂﬁluﬁWLl‘U@iJaﬂi ’m(H)mam'lﬂ
mmm1Ji‘Uﬂgqmwwmmaimmmuuumuﬂiwmumi
N0

H, =(4,,0,,4,0,....

0) ()

ﬂ1§ﬂ'llu°l1lﬂ'lﬁﬂx‘1ﬂa1'3ﬁ\‘1Nﬁi‘l’iﬂ’]LLT‘luLﬂﬂfﬂiliﬂuﬁ
uag MﬂjﬁJLLlluﬂ"lsluﬂ"liﬂ"Iﬂﬂ"liﬂlﬂ’ﬂﬂlﬁﬂ\ﬂ/]LWilsllu
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Tuarudved aaunun 4 uuulsfanvusnuosa
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1 [ o o
(Sigmoid function) Tumsuilasawadnsvesuuusiaeals

ag 11474 (0, l)maslémﬂumﬂﬁ PIUANNUIIY nJumm
maRadassznt Taefsdiusnuosantona
eXplz
o(2) = p(2)

1+exp(z) ©)

Taof z Ao madniiFudu (Linearpredictor)‘ﬁﬁmam
mmmumaawmmuwmma wuy Wandudnuesa i
ﬂmﬁumwmﬂmﬂa e z fawn o(z) 3¢ 21i11nd 1
uaviile z UA1eY o(z) 2 21 1nd O@Nuumﬂ WU
1nsAN s, ‘ﬂmuam'lm ‘EJEJGlLl"lf’N (o, 1)Laua
Tﬂﬂﬂmmuﬁmmmmm% Lﬂuiuﬂwiwﬂuﬂﬁvﬁwwuwm
mwmammamaumiwuuummmmmua ¢iTomd
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2.2 fwmui 13 Tuan5ee

2.2.1 fwnuuyvag Tuy (Greedy agent: GRE)

ANULVVAL Tnmﬂuwuﬂmﬁmiwumumm
mﬂiaumumﬁmmm (Relnforcement learning) Taail
waﬂmﬁmﬂmﬂemmuuu"lﬂwmsmuwamammu
luszes ﬁucl,w‘l@mﬁ@ G]Iﬂﬂammwawam‘nmﬂiu
ﬂﬂwugﬂmmiumsmau% ag ”hlwmsmmqmm
%1Lﬂu1unwsgiﬂuii 282812 mammumﬁuammmm
LwaﬂﬁmJﬁamgmﬂuaum@flummlmmmiﬂ3 21U
AZUUUIATAR LA miwmsmmumeuwmwmﬂmﬁum
Aununuvag luufemifanied uay dendiniinau
U uJumﬁﬂm MITRUAY IWJE]NENﬁﬂﬂ‘]Jiw’J@W’E)iJa
Tueda ma”lﬁmsamaﬂi LAIAAINGT 1umwaﬂgu¢1
na“lnms“lﬁﬂwuuummmgmugmmﬂwgﬂaammu
nldagtounulrnamsuaianilse Toad (Exploitation)
Tagnse mumm‘mmmmnmsﬂi LIWAIMNIITARS
YBIAMVUNATNGA o Vg W¥ud1035015 Maximum
a posteriori (MAP) mgﬂumﬁmmﬂi WUV VYA (Point
esumate)1/1aJﬂ”mmJu"lﬂ'lﬂmammmam'ﬂma H,
deldamisfimeddanad faumuszdnnd o
Lﬂuyﬂzuuumiﬂﬁ s, AmSugadnsuaaz e IuaUNs
Al

_ exp(416,x,)

. @
1+exp(¢, ©,x,)

Taoh 6, AvA1 MAP MInvoyahileg H,

U

2.2.2 dununuvag Inu¥9an (Greedy neural network
agent: GRENN)

funuuuvaz Tuudaanilumlszgna ldmatiams
Fouf1F98n (Deep learning) 110 UnagnsmsAnduls
suvag TwuaeldnseunisiSeuduvwaiuiia 6, 11]
Tﬂmmanmsmﬂmﬂamﬂﬂﬂswwﬂs ERRMISTEEY
(Neuralnetwork)wnmmmumaummwmmﬂum
ﬂiwmmmﬂmﬁvu (Function approximator) 1N ULILT1ADY
Fadunuuaaay s]gﬂmuwﬂmwmmﬂuuu
mmauwummu"lmﬂmmmy (Non-linear relationships)
szrIdoyadainsuazau@es

nalamisldazuuuvesdiunuaz Tuuigedn
aﬂaammuuﬂwsmsumauamuum%u«mu
Taanse 1J’JuﬂiiLﬁNﬁ]WﬂﬂWiuH’Jﬂmeiﬂmﬁﬂ‘lelmw
uay L’Jﬂmmmuwmwamaﬂu (Concatenate) nJmeJa
¥ udadaiusugon (Hidden layers) vo91n39718
UsgainiNeunyy Mult-layer perceptron (MLP)
wmﬁaﬂﬂmﬂs GIL! (Activation function) A4 d DAL
aeﬂmmumuuumsw s, FueanFusnuoeoa
Glu%uﬁﬂ‘l/lwﬂﬂﬁllmi
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1
Cl+exp(—f(x,.4,,0)

N a o a 14 a
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funuuy GRENN 14 1asev18dseamiiiounyy
Multi-layer perceptron (MLP) Tun15dsguiaainliy
iziduvesmsiaiatisznil Taelaadaonssuuaz
Hyperparameters muaﬂﬂumﬂm 1

miN“ﬂ 1: Hyperparameters VDIAWNULIVY GRENN

Wﬁmmaﬁ f
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‘Hu“lfﬂu‘ﬂ 1 64 Tua

%umauw 2 32 Tvua
Furadns 1 Tua
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ﬂﬂﬁ%u%ﬂ’)mgiyl?’fﬂ Binary cross-entropy

223 AMWMNUMITGUAIOINNUVUNONTY (Thompson
sampling agent: THS) '

ANULDY THSLﬂuﬁﬂwﬁﬁ%mﬂumsﬁﬂu?
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eananlse mmwwmmﬂmauaﬂﬁmuummu uAda
friladanan Iuiuou (Uncertainty) mawaumwmwn
Tomalumsioui meﬂiuﬂ;qmuuuﬁluiwwmﬂu
viunvesmsisziuaziuuaian uaynsiTa
e unumdiAgyvesdunuLLY THS Aomsila
Tama"lumsﬂummmﬁnamwnau‘lm q AR
919109911 11/ ma“lwmammﬂi aannana1nlunia
UP1ia na'lnmsl¥asiunves THS Jagnoonuuuinld
azReunuIAAnNITduAI06191an1 w1
(Probablhsncsamplmg)TﬂfJﬂi R TRITLIRER RERETRER AL
AMIINBS AN [9] HAITHIINMTATIINITUINUIIANY
m%wmummmﬁumm (Posterior distribution) La 11015
guaniiweiiiass (0,) senunlFiulundazsou
msanaul [6]

die'ldmmaiimefiquinld (0,) dunuaziiun
Auradunzuuuwasaa s, dm Iﬁ)ﬁllﬂil.ma 510
HulanFudeauns
exp(¢, 0,x,)

T Trexp@6,x) ®

Iﬂ‘c’]‘ﬁ @ ﬂﬂl,ll‘l/liﬂGBW1511JLGIi’JTUi’N§]’JLL“]J‘LITﬁi]ﬁﬁﬂ

t
A

MUANFULININMTUINUIINIOHAT B N t

q

ee

=

95

3" NCSDI, April 03, 2026

224 @aunuyaauniuyviyd (Bayesian
bootstrapping agent: BBTS)
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aﬁmiﬁumammuummmuﬂ (Weighted resampling)
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Tﬂzﬂn G)BB AounIndwiimesvesduuuladaan
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msfniasetidenldaninuiadennuuinseiie
szaniney (Neural network environment) Lﬂulﬂ%ﬂﬁﬁﬂ
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Aaifad1szvesduie Tasldlasaielssarmiteuiy
nalnduianuingduvesnsiaiagissvesdming
dw¥e Fmsiiifagdszasdifoadaaniunisaii
TAs9e31995998990Ya (Data-generating process) 1A%
dudounas luilusadu

Xa

b1
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d' 9 | =
N9 1: Ingeasavealasennelszaniion

A 1 uaalaseadevesTasanelszamiioniign
ihnldiunvusiaesaniminden dimsuaiadeya
anvinzilulumsaaiadisznil Tasnalnnisiau
Usznoudesuso (Hidden layers) 91424 2 1 Fadins
ﬁmyuﬂﬁqﬁﬂ?’uniwfu (Activation function) oMUY
anihminaaaurulasaninesuieluglauns
ldasii

Fugeud 1uaz 2 1TanFunszduuuy Hyperbolic
tangent (Tanh) a1xsaveu laaail

hy = tanh(W,x) (1)

h, = tanh(W,h,) (12)

dmiuduenivesioya c?'%uﬂm?u@ﬁ'w‘ﬁaumi
uaasna 9219 ManFunszduuy Sigmoid (o ) it fua
°1ﬁ'a&ﬂu%’;amm1im;tﬂu 0, 1) Taglin1smMriuanIana
Yoavoya (Bias: b) AIN AIANMT
1

B e m—— (13)
1+exp(-W,h, —b)

A a a’%‘ v A [
Iﬂﬂ‘ﬂ W,,WZ,W3 ﬁﬁ] NI NFUINUNNFTUADINNITLINLD
n@ N(0,0.15)

A J 1 a
b ADINKBINIOAA

24 miﬁ”mlizﬁwﬁmw (Pei’formanceymeysures)
msiatszaninnilFlunisdnmiaseil 1dun s197a
deeay uazAnde Tomaasay

2.4.1 sNIaazay (Cumulative reward)
Naimsua'aNamauLmuﬁﬁmmu"lﬁ'%”mmmicfi"ﬂ?fu%
UdesFusenaoarrraimsiou lassnianaanis
(Expected reward) sy ldaail

E[r,]1=v(1-p)+I(p) (14)

96

nINUA DaATINUN LAz [@nass hosdg Twyad

A A AN Yo a A vy
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A A a6 Py
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2.4.% ﬂ'uﬁ’ﬂ Tomaazaw (Cumulative regret)

o 2o 4 d : .

A TANUTAIDINAAIITINTEHINNAADUNY
aanTiigeiigaidulyld @inddidngalungu)
AunaneuunuAIAriIINMsdadulaevesduny
eazitoudslszdniainlunisFouivesdnyy
Meununsainanga Andelend (Regret) A1130A1UIN
¢

regret, = E[r.

a .t

1-Er,,]

(15)
9 Y

Tagil o, Ao msnszrimidodiiiafiga (Optimal action)
a1 ¢ Fuuddalddwanouunumaniigeiga
Tuyssamadenisvuaiiiog

a, Aemanizimioddndumuiaensse ar na ¢
awuTeuevosvanos iy luyuziiy

2.5 ﬂfumumsmam (Exgerimental design')

n1snaaedluiuiseil 1deenuuuiiedsziiiu
UsgdAnsamvoalumsFoufunuaiuidusadnvos
daununia 4 uuu ldun dunuuuvag Tuy (GRE) Ay
nuvaz TN (GRENN) AN UMTNAI08 190D
neudu (THS) wazdunuyaduniduuyiud (BBTS)
moldanmuiadeuniiasanganssugnuiiaie Taseie
Uszanminoy '

o linssziiunseuaquaniumsaiivainvatg

av A Y o
NUITeH0ONUVUNITNANBININYA 6 TDIUNIT O
(Situations) TAUT1TAIANUTUFOUVDINUAN UL
voadanas upzsruaudadnsnldfuniseyda
Tuugazsou aall

Situations = {x, =5,10,20} x {k =1,10} (16)

Tuudazaniumsaiidaing dudes1uau 100 518
D501 uazﬁuﬁufgﬁmm 3,000 3794901 (Timesteps)
TagsiimsnaaeId1ninua 50a34 Taviingeuuuiia
HAZAIALTUADUMITNAADULAAIAINTNT 2
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A, <
Tae 1535 msysaunivuyuwd

Environment

Set scenario parameters

Select agent
GRE / GRENN / THS / BBTS

Reperat 50 times l

Decision round: 3,000

Step 1: Recruiting

Generate K100 borrowers

Step 2: Credit scoring
Compute scoring for each borrower

Step 3: Underwriling

Approve top-N borrowers

[ Step 4: Observe feedback J

Default / non-default outcomes

Step 3: Update medel

Tvaluate performance
Cumulative reward and cumulalive regret

1 9
NNN 2: MAVTUADUMINAADA

3. wamsddauazeniiena
3.1 @ umsaiil 1: [AonAveAUFenUAYIA BT I
AuANYAUNINY 5 08

Cumulative regret : 5 feature{s), renewed applicant pools,
100 borrowers, select top 1
GRE
THS
GNN
BATS

Cumulative Regret
\

a 500 1000 1500 2000 2500 3000
Timesteps

M 3: andelomaazauvodaoIunsain 1

§ Aav o {
A13199 2 : HANFIVBADIUMTAUN 1

Agent Cumulative Regret Cumulative Reward
Greedy 157.79 £ 122.43 130.20 = 176.87
GRENN 177.01 £70.68 112.04 £127.19
THS 109.71 £ 36.89 180.54 + 125.88
BBTS 108.46 + 73.75 181.44 +137.59

mﬂwamimamwmmmmu BBTS Glﬂﬂ?iﬁﬂiﬂﬂ?ﬁ
’ﬁ“’ﬁ'll@ﬂﬂﬁﬂwnﬂﬂ 108.46 £73.75 agHanduUNUas Ty
awaﬂmmu 181.44 +£137.59 GINEJEJGl‘L!i ﬂ“]JGlﬂﬁLﬂEl\iﬂ‘]_l
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Faununuy THS Alaude Temaazaumasy 109, 71+
36.89 naziinanoUUNUAL AT 180.54 + 125.88 110
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i 1 510A030U uﬁﬂﬂm‘wumﬂallﬂmiqnmaﬂmmu
nouduliinvzeglugluunvesnisiszura Posterior
1Y Laplace wiemsyaauniduuuid ansaaiig
ANRATTHINMITTI tazmsuaase Tond Ided1all
152 mnﬁﬂwwiuﬂimwﬂmwwuiﬂsqﬁiN“lawwmuum
uazmmunjﬁmﬁu%mmumuman

Tuvmzddumuuny GRE udazaunsnisous uaz
Ui ldaeudiesanisalusieduvesnisnaaes
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Loan Approval Prediction Using Machine Learning:
A Comparative Analysis of Classification Algorithms

Prasin Phuthipakorn, Nathanicha Vongsing, Phusita Jirapinyo®, and Piyachat Leelasilapasart
Department of Applied Statistics, King Mongkut’s University of Technology North Bangkok
(* 56504052630135@email kmutnb.ac.th)

Abstract

Loan approval prediction is a critical process for mitigating subjective judgment bias and minimizing
loan default risks. This study utilizes a public dataset from Kaggle, consisting of 614 samples and 13
features. This research presents a comparative performance analysis of machine learning models,
focusing on the baseline Logistic Regression and various Ensemble Learning techniques. The
investigated models include Feature Scaling Ensemble, Logistic Regression Ensemble (LORENS),
Hybrid Logit Ensemble, Logit Stacking, and Stacking Ensemble. The methodology encompasses
comprehensive Feature Engineering and Data Scaling to ensure data readiness. Model evaluation is
conducted using key performance metrics, including Accuracy, Precision, Recall, F1-Score, and the Area
Under the Receiver Operating Characteristic Curve (AUC-ROC).

The empirical results demonstrate that the Feature Scaling Ensemble model achieves the highest
performance with an accuracy of 78.75% (Precision: 0.79, Recall: 0.98, F1-Score: 0.86), followed by
LORENS and the baseline Logistic Regression, both yielding an accuracy of 78.33%. Furthermore, the
Hybrid Logit Ensemble exhibits superior classification capability, reaching the highest ROC value of
0.766. The analysis reveals that ‘Credit History’, ‘Loan Amount’, and ‘Applicant Income’ are the most
influential features in predicting loan approval. In conclusion, this study highlights that implementing
logistic-based ensemble models significantly enhances decision-making reliability. These findings
provide valuable insights for financial institutions in establishing robust credit evaluation standards and
effectively reducing business risks. Moreover, the proposed framework offers scalability for data
classification tasks in other complex domains.

Keywords: Loan Approval Prediction, Machine Learning, Ensemble Learning, Logistic Regression,
Feature Engineering, Financial Risk Management
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Supporting Tool for Personal Financial Planning Using VBA EXCEL
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A Comparison of Forecasting Models for Total Automobile Production in Thailand

a

A aou Jda o . a A C4
NaANUS In0ns  Uwuwa Yoyl uaz a53%a) yuIUA
a aa o a @ =1 Y A
ﬂ7ﬂ?°ﬁ7ﬁﬂﬁ7j53§/ﬂﬁ 1]747?7’]872751“’]?71”Tﬁﬂwjgﬂﬂﬂlﬂﬁ"leﬁuﬂﬂwu@
(* 6504053620028 @email. kmutnb.ac.th)

UNAALD

3T SagUszasdiiiedny ez sufieudssinimmvesdauuumsnensaoynsuianiigania
91171 3 33 14uA @y SARIMA (Seasonal Autoregressive Integrated Moving Average) MsUSuFsunuud g
Twu@eavedlaan-1umes (Holt Winters Exponential Smoothing) LAz M3uenednilse ENOUBYNTUNALLLIN
(Cla551cal Addltlve Decomposmon Method) Tﬂﬂ“lﬁmanaﬂimmmiwamnawﬁluﬂi mﬁuhflﬂ ﬂi ﬂE]“lJﬂ’JEJiﬂEJu@]
19 1ag iﬂﬂuﬁlWﬁﬂTiW?m‘ﬁﬂ Tﬂﬂﬁﬂiﬂfiuﬂ?iﬁﬂ]ﬁl1Lﬂu“ﬂﬁﬂﬂ51ﬂlﬂﬂuﬂ1ﬂﬁﬂ1ﬂﬁ?T1WﬂiillLL‘VNﬂi L‘V]ﬁllﬂfl"lnﬂ
LﬂﬂullﬂiTﬂN NW.F. 2563 ﬂﬂlﬂﬁu‘ﬁu'ﬂﬂll N.F. 2568 33U 66 m Llﬂﬂlﬂum'ﬂﬂﬁﬁ?‘ﬁiﬂﬂWiNﬂﬁﬂllﬂﬂﬁﬂllﬁlﬂﬂu
UNIIAN N.A. 2563 mmau‘ﬁmmn N.f1. 2567 U 54 ﬂ'] Hag "Uﬂllﬁﬁ'n’ﬁUﬂ?iﬂﬂﬁﬂﬂﬁﬁlm&ﬂﬂuﬂﬂi?ﬂu mmau
FUNAY WAL 2568 TIWIU 12 A1 i 19 lunsalse iiwlsy ammwmmmuuu 1&un srnaranaouduysel
nae (Mean Absolute Error: MAE) mi@ﬂﬁ mnlﬂmmﬂaauammmaﬂ (Mean Absolute Percentage Error: MAPE)
IHae ﬂ']i']ﬂ'ﬂﬁ'EN"UENﬂ']ﬂ'J']llﬂa']ﬂLﬂaﬂuﬂ']a\?ﬁﬂ\uﬂﬁﬂ (RootMean Squared Error: RMSE)ﬂ']i'JLﬂi'] wmana
ﬂ“uuﬂWiIﬂﬂi“ﬁIﬂillﬂiﬂ Microsoft Excel (i8¢ RStudio Nﬁﬂ?iﬁﬂHTW‘]J’N G]'JLL‘]J‘]JfﬂTWEﬂﬂ'iiui]Wﬂ'J‘ﬁﬂWﬂLfJﬂ
@Qﬂ‘]Ji ﬂ't‘)‘]JL!,‘]_I‘]J‘]_I'JﬂGl‘I’iﬂW MAE =8,172.28 RMSE=9,201.57 16l MAPE =14.18% G]"Iﬂﬁﬂlllﬁllﬁﬂ‘ﬂﬁﬂﬂﬁﬂ‘ﬂ
@I'JLL”U”UE]“L!"] i]']ﬂWaﬁWﬁLLﬁﬂ\?'J'l"Uﬁ]iJaﬂﬁiJ']mﬂ'ﬁWa@]iﬂﬂu@]naﬂ‘]ﬂm“’q@]ﬂ?ﬁ Ll,a“uu’ﬂm&mmu IﬂﬂllﬂillWﬂ!ﬂWi
waﬁaﬂaﬂumﬂmaumywu uae LWZJEUN"I)"NW]?JU‘EH'J"IﬂIJ ﬁ"lll"l'if]i‘m‘l]umiﬁﬂll'ﬂﬁuuﬁNUﬂWTJ"NLLWHﬂ"IinﬂG]
uazmidadulunagns lugaamnssueuoud landsansam

°o_ o

[ 4 2 a J o v A < 4 =)
ATTIAY: NITWYINTU, ﬂiiJﬁl!ﬂ'lﬁWﬁGlﬁﬂﬂu@], AU Y SARIMA, msUSuseusuuens liuuiFeaves
I a 4 J
Taam-mmai, msueneenilsenou

129



	Proceeding.pdf
	page 83-90.pdf
	ตารางที่ 3  ค่าเฉลี่ยและส่วนเบี่ยงเบนมาตรฐานของตัวแปรแบ่งกลุ่มจำแนกตามกลุ่ม

	page 119.pdf
	บทคัดย่อ





