W53 uasiagging  ECTI-ARD 1 5 atiuil 2 (2025): 258183 97721'75@7u?é’mmsﬁ’ﬁz/mz%@ﬂmqnm{f@yﬂmw ECTI

https.//doi.org/10.37936/ectiard.2025-5-2.258183 ECTI Transaction on Application Research and Development

UNAIUIY (Research Article)

¢ Y %4

NSWENTUNTENTRIR AR MIUEVNSBUN TN A8 VDY A

msnauRuvavleglun1siseuveaees

Forecasting Cash Withdrawals at Service Counters in Savings Cooperative Using

Morning Transaction Data and Machine Learning
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Abstract

Efficient cash reserve management is a critical factor in the operations of savings cooperatives,
particularly for service counters that must ensure sufficient cash availability for members'
transactions. This study proposes the development of machine learning models to forecast daily
cash withdrawal for service counters. The approach utilizes machine learning techniques to
classify withdrawal amounts into two categories: Not exceeding 3 million THB and more than 3
million THB, aiming to enhance cash management efficiency and reduce cash holding costs. The
dataset comprises two years of historical counter withdrawal transactions from a savings
cooperative in Thailand. The model employs morning withdrawal amounts and previous-day
withdrawals as independent variables for prediction. This study evaluates the performance of
Gradient Boosting, Logistic Regression, and Multi-Layer Perceptron (MLP) models and examines
the impact of different time intervals on prediction accuracy. The results indicate that the MLP
model achieved the highest accuracy of 84.80% when utilizing withdrawal data from 08:00 to

12:00, demonstrating its effectiveness in optimizing cash reserve forecasting.
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FATBEANIAMUAYARILUTBASY UARIRINNTINN 5

a o a o % = !
A157197 5 AauUsdasENlUNISANYIANLYILIAN

fiaulsdasz/ Previous | 08:00- | 08:00- | 08:00- | 08:00-

yafauUsdesy | Day | 09:00 | 10:00 | 11:00 | 12:00

BOANDULATTIUIY
z . v v
ANVBIIUNBUNU

BOANDULATTIUIY

ASe 1 Falaausn

BOANDULATTIUIY

A 2 Falaausn

BOANDULATTIUIY

A9 3 Falaausn

BOANDULATTIUIY
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3.4 msl,ujwm%aQaﬁnﬂuuazmaau, n1sauARaUNA
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lutunout yitelanusteyasenifuyavouaindu 70%
1w 491 Ju sqmjuaaﬂamaa‘u 30% $1uau 211 Fu uiely
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SlouvsyaveyaiFousesuat funoudmanie n1sau
vayaidvennisneuiumeuiiAauniniendauni
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(Interquartile Range: IQR) Lﬁuﬁﬁﬁi%miaaﬁuéwﬁmﬂﬂﬁﬁag

11931 1AUNGA LiteUTulTInunmvesveyafiazlyly
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n13ALUUTIa09 [15] nd931ndUEyiIN1sUTUTUIAYA

YayaRnuazyAvagaUAIeIENITUTUvaLalreylulnsgu

N v

W 82U (Data Normalization) [16] Lt eludauUss asy

v '
o

Nanuney luyATmizan Teuiuandnsnavenid

AYINLANANAUNINTENINGILUS

A1519% 6 UIUYBYANBULALURINTAUYBLARAUNG

A1919% 7 FnUAAIMSIEAeS GRID SEARCH CV
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0-3M | >3M | 0-3M | >3M
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ﬁi"lmusdua;gal,vhtﬁu Lﬁ'aqmﬂsz‘]yumauﬂﬁamjya;ﬁaﬁmﬂﬂa
(Outliers) ﬁﬂu%a;gjasqmﬁmlul,vhﬁ?u
3.5 wUUTIABINMIBBUTTNATES
WAdulatausuuuassnaiFeugvanaios (Machine
Learning) ImyLL n Logistic Regression, Gradient Boosting
uaz Multi-Layer Perceptron (MLP) Ielun1snennsaluen
poulius ¥y Tnensasesuuuiaosmarilelaus s scikit-
learn & a1uin3 eeflouinsgiudi lnsunisveusues g
LL‘W‘EI'Ma”IEJﬁWW%JUQ’mGTWUHﬁL%EJug‘UENLﬂ%’BﬂUﬂ’]H’l Python
[17] LL‘UUﬁi’wamLLG\Iazﬁagﬂﬁmumwwwwﬁma%wﬁu?ﬁ Grid
Search Cross-Validation [18] Imﬁmum'} k=5 Gﬁdmmaﬁq
ﬂﬂ‘iLLU'd‘qum;ljaﬁﬂNuaaﬂLﬂuﬁﬂﬁ’mﬁﬁ%wmiﬂgﬁﬂdﬁu
Imsl,w{azsawmmiﬁaug meﬁam%ﬂﬂ”ﬂ”aa@ 4 @7u
dmsunsHANY way 1 éuuﬁm%’umimmaaummgm;m
Fupouiazdiduniss e 5 A%a wagly Apuwsue
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AR T I saLdInSUNTISHENNTAILABLNTE] A7

YINNFITMDTNANNUA LARAIAINITIN 7

LL‘U‘UR?’IE]E]\? wwmﬁma% ﬂl'lﬁﬁ'muﬂ
learning_rate |([0.001, 0.01, 0.05, 0.1]
Gradient
n_estimators |[50, 75, 100, 150]
Boosting
max_depth [3, 5, 10]
Logistic oy lu'la Usunisidines
(AINUFI) y v g
Regression Wasnlyaiugiu
hidden layer
[(50, 20), (60, 30), (30, 10)]
MLP sizes
(Multi-Layer [solver ['adam’, 'sgd']
Perceptron) |alpha [0.0001, 0.001, 0.01, 0.05]
max_iter [100, 150, 300]

wuudnaemaangninueniulaglyveya 5 ¥nfkus
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[

MUY FIANNSITNDTNANAANTINUTURDY Grid

Search Cross-Validation Land@an157199 8
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YARIuUS

dese

Gradient
Boosting
(learning rate,
max depth,

estimators)

MLP
(alpha, hidden layer, max

iterations, solver)

Previous Day

(0.01, 3, 100)

(0.01, (60,30), 100, 'adam’)

08:00-09:00

(0.01, 3, 75)

(0.01, (50,20), 150, 'adam’)

08:00-10:00

(0.01, 3, 50)

(0.05, (60,30), 100, 'adam’)

08:00-11:00

(0.01, 3, 50)

(0.001, (30,10), 150, 'adam")
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(0.05, 3, 50)

(0.001, (50,20), 100, 'adam’)

WalnAmsiwesimunzauiianain Grid Search

Cross-Validation #87 WU21A1 alpha ¥09kUUINRDI MLP
fuulunanasdieluyndiiudsdasenTounguuiniaiuiy

YU FeonaaulganuanuwuugAdsulumudneuzyes
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mmfmwmi’ﬂaaqﬁﬂﬂLLaywzquﬁsLﬁuﬁ'usqm%am“a
ooy Tnglaiddn laun ArAnusiuen (Accuracy), A7
LinuLawwzﬂq'u (Precision), A11ATaUARN (Recall) haz F1
(F1-score) Lﬁ@LU?EJULﬁ&JUUS”%M%mWLLaxmasuaqsd"auaLwi
A¥7291281MBNTINGINTAL 9 LUUIIABIUISUSELAN LYo
MLP wag Gradient Boosting Tyas1iAn1un1s85uNe
Nadws (interpretability) dvo1glamangfuusuniinesnis

wiwausznounsindula

Accuracy
0.9
Model 0.840.85
M Gradient Boosting 0.82
0.8 mm Logistic Regression
§ - MLP
07 067
0.65
062 o3 063
0  mEEN
PREVIOUS 08,00 09.00 08:00-10:00 08:00-11:00 08:00-12:00

Time Period

F1
09

Model
B Gradient Boosting
0.8 Wmm Logistic Regression
- MLP

0.71
07 069
0.66
062 064
061 061
0 ol

PREVIOUS 08:00-09:00 08.00 10:00
Time Period

Precision

0.840.85

0.789-79

Score

082II

08:00-12:00

076II

08:00-11:00

0.67

0.72 0.72
0.70
0.66,
il il A0
0 1

PREVIOUS 08:00-09:00 08:00-10:00
Time Period

0.9
Model 0.860 85
B Gradient Boosting 0.83
0.81 0.80

0.8 W |ogistic Regression 0.79
<4 m MLP
3
[2]

0.7 0.68

08:00-11:00 08:00-12:00

Recall
0.9

Model
M Gradient Boosting
0.8 W Logistic Regression
. MLP

07 067
065 065
0 62.0 63 063
06

PREVIOUS 08 00- 09 00 08:00-10:00 08:00-11:00
Time Period

UM 3 N5 1HaaNEFTInvaLuUIIaadluLAALYIeIAaN

Y

0.840.85

0790 79

Score

082II

08:00-12:00

4. Nan15IvY
N3N 3 NAGNEINNN1TNAADILAAIIMAUILUUTIAD I
3 wuudaed laun Gradient Boosting, Logistic Regression,

waz MLP fusgansanilunnanaiudelyveyaainyinial

914 9 Tngynuuudaesuans nadnsia WLJJEJSLEUSUE]Mﬁ‘IJ’N
08:00-12:00 eTfaﬂiaUﬂqua;‘J,aiwﬁwnammquﬂuwnu
il éwéqu‘ﬁy’a’mﬂﬁaﬁmLﬁmﬁuaéquﬁ’mLauLﬁaSJa;gamaUﬂqu
Yunaiuuiu aufulsdassilvsenaouiuaniuney

a

1 (Previous Day) fiuss@ngainsiigalunnuuudiaes

PREVIOUS Logistic Regression (Test Set) 08:00-09:30 MLP (Test Set)

0-3M

True label
True label

>3M

0-3M >3M
Predicted label

08:00-10:00 MLP (Test Set)

-3
Predicted label

08:00-11:00 MLP (Test Set)

70 0-3M
3 60 ©
5 5
] s0 Y
= -
>3M 40 >3M

0-3M >3M

Predicted label Predicted label

08:00-12:00 MLP (Test Set)

0-3M 96 32 e
60
. 40

3M 83
20

0-3M >3M
Predicted label

True label

gllﬁ 4 Confusion Matrix LUUI18897 Accuracy Qﬁﬁam

4

Ty Confusion Matrix U7 4 uansfauwnluadientu
§ué’ui1ms’lszjyszjyayjaqiﬂiiuﬁﬂsamqw&wL%ﬂuwusﬁuﬁaﬂLﬁm
amussiugTumsnennsauluumsaeut ety

WUUs1aes Gradient Boosting kadwsfinduiies 9
auaana1iiveneeeniu Tagluyis 08:00-12:00 AR
W (Accuracy) wawan F1 (F1-score) qqqmg’ﬁ' 0.82 uAA
mmniul,awwnfiu (Precision) LLﬁ%ﬂ"]ﬂ’NuﬂiE]UﬂtjM (Recall)
&3A0UV 198 134 i BT ULUUS 18098 U wuUT R8s
Logistic Regression fiuszansnmlnawfesufu Gradient
Boosting AaunuUs1aas MLP fiuszdnsaingagaluyn

i inidlelureyaras 08:00-12:00
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Mnmsnaaesmuiivicilugaveyannaeuiiven
mamfawﬁyuﬁu 3 éuwum‘w mem, szj'amm 08:00-10:00 (2
$u), 08:00-11:00 (12 1) waz 08:00-12:00 (33 Ju) voYA
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(AANN58I21001FUAINIT 3 81U UAT3 9 qnmﬁ 3 87u)
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