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ABSTRACT

This research aimed to (1) compare the forecasting performance of ARIMA and five Machine Learning (ML)
models—Ridge Regression, Lasso Regression, Random Forest, Gradient Boosting, and XG-Boost together
with two intermittent-demand benchmarks (Croston's Method and Syntetos-Boylan Approximation) for
bioprosthetic tissue heart valve demand; (2) select the Best Model for nine valve items; and (3) develop an
optimal inventory system and quantify financial savings at Queen Sirikit Heart Center of the Northeast. Monthly
data for nine items (3 Porcine, 6 Bovine) over 36 months (1 January 2023-31 December 2025), totalling 324
data points, were purposively selected. Analyses employed ADF/KPSS stationarity tests, five-fold Walk-Forward
Cross-Validation, Diebold-Mariano tests (baseline and pairwise), and MAE, RMSE, MASE metrics. Results
indicated that all ML models significantly outperformed ARIMA (Pairwise DM Test, p < .05). Gradient Boosting
achieved the lowest average MAE (0.354), whereas ARIMA recorded the highest (0.921). Per-SKU selection
identified Ridge Regression as optimal for six items (66.67%), Gradient Boosting for two (22.22%), and XG-
Boost for one (11.11%). At a 99% Service Level, optimal stock ranged from 36 to 59 units, reducing average
inventory by 66.78% (143 to 47.5 units), releasing approximately 9.81 million baht in capital and saving an
estimated 971,000 baht per year in holding costs. This study presents the first empirical Best Model Selection
framework in Thailand for high-value medical supply forecasting under intermittent demand.
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Erratic a2 Smooth-Lumpy a2 XG-Boost lWang&unl 1 318013 (30882 11.11) ﬁﬁqﬂaaﬁ Smooth WaTLEuEH
H2 'jﬂ"l,;iﬁl,mm'i'maﬂsﬂmm:au‘ﬁ'qﬂﬂ”unmmmi

NATIN 5 NANINATOLANNETLTVOILLLERES (aﬁfuagufmqﬂizaaﬁﬁ 1 U8z 2) WU 61 SD 289 MAE

J1uIaLUVYaY ML nnﬂs:mmyﬂuma 0.006-0.016 a:ﬁaumwLaﬁmgmaamwnmmaau 18 Gradient
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Boosting # SD ﬁwqﬂ (0.006) Vs ARIMA 1 SD §9§9 (0.071) vaganuliaioslundazsey Suduinau
witaninves ML iunssdnauelilsuaanseulasaunils

IINAIININ 6 HANIITIARATTALRFANTLRINZEN (f@qﬂim\‘lﬁﬁ' 3 — H3) WU41 sraURGanAtRaNzENR
Service Level Ta8az 99 FINNNINYNTBY 3NN Min 36 F A9 Max 59 T4 ALade 47.5 Tusaldat anasan
HaAUUASIDSI b T0T 31 Tuan 2569 $11a% 143 Tu Aatdunisanasouas 66.78 gamaﬁaﬂﬁ'a@m 9.81

NN waztzndadununiitontasdudininadilazanm 971,000 vead (8031 10.1% dai)

A13199 1 Namiﬂﬂaaummﬁwaa"ﬁaga@i”;al ADF Test itaz KPSS Test

NI ADF Statistic ADF p-value KPSS Statistic KPSS p-value PP p-value WNa

Porcine_E_A  -4.821 .0001** 0.213 >.10 - (i)
Porcine_E_M -3.987 .0021** 0.342 >.10 - W%
Porcine_O_H -4.215 .0008** 0.287 >.10 - N
Bovine_ P_A  -3.654 .0049** 0.391 >.10 - (A}
Bovine_ P_M  -4.502 .0002** 0.245 >.10 - W%
Bovine_O_M -5.123 .0000** 0.198 >.10 - (i)
Bovine_ O_A -3.421 .0102* 0.412 .073 .018* W%
Bovine_O_T -3.876 .0028** 0.356 >.10 - N
Bovine_O_InsA -4.298 .0005** 0.267 >.10 - (A}

**p <.01, * p <.05; = Stationary; PP Test 318391%LaW1£318N17 Borderline

A15191 2 HaMIUTBUNBUYTERNTA NIRRTV ILULINAINIANA

WUUINRaDY Avg MAE Avg RMSE Avg MASE DM Test (vs. Naive)
ARIMA 0.921 1.204 0.892 p=.142 (ns)

Naive Forecast 0.825 1.082 1.000 — (Baseline)
Croston's Method 0.612 0.798 0.687 p < .05*

SBA 0.587 0.756 0.658 p <.01*

Ridge Regression 0.401 0.488 0.236 p <.001***

Lasso Regression 0.467 0.562 0.298 p<.01*

Random Forest 0.512 0.643 0.341 p<.01*

Gradient Boosting 0.354 0.435 0.218 p <.001***
XG-Boost 0.389 0.471 0.256 p < .05*

***n<.001,*p<.01,*p<.05ns= vlsjﬁﬁfﬂﬁﬁﬂ”zymmﬁﬁ; DM Test @iN3t4311 Pooled Forecast Errors 333
1N Fold (n = 81); MASE < 1 = @ini1 Naive Forecast; MAPE 184 Croston's uaz SBA litisanuifiasainla

flgnuila Yt = 0; uaeIvw = UseAnTnne1ga (ARIMA) Lazgdga (Gradient Boosting)
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M15191 3 NANINARAY Diebold-Mariano Test t1U38ULABUALY ARIMA

ausauinay DM Statistic p-value HANIIAAFW LD
Ridge Regression vs. ARIMA -4.892 <.001*** ‘Ll,ﬁLaﬁ Ho
Lasso Regression vs. ARIMA -4.213 <.001*** ﬂﬁLa‘E Ho
Random Forest vs. ARIMA -3.567 <.01* Ufias Ho
Gradient Boosting vs. ARIMA -5.421 <.001*** ULEs Ho
XG-Boost vs. ARIMA -4.788 <.001*** ﬂﬁLah‘ Ho
Croston's Method vs. ARIMA -2.341 < .05* ‘Ll,ﬁLaﬁ Ho
SBA vs. ARIMA -2.687 < .01 Uuam Ho

** < .001, ** p < .01, * p < .05; DM Statistic finay = wuuiiasdluunriianuaaiainfdaudinin ARIMA;

NARAULUL One-sided N3zaURBEAT .05; n = 81

A13197 4 Best Model Lonaus1onIIaniihanousiiaiitaie

swmsi’aq Demand Profile Best Model MAE MASE
Porcine_E_A Intermittent Ridge Regression 0.182 0.198
Porcine E M Erratic Gradient Boosting 0.387 0.245
Porcine_O_H Erratic Ridge Regression 0.421 0.267
Bovine_P_A Smooth-Lumpy Ridge Regression 0.654 0.298
Bovine_P_M Smooth XG-Boost 0.521 0.314
Bovine_O_M Intermittent Ridge Regression 0.098 0.156
Bovine_ O_A Smooth-Lumpy Gradient Boosting 0.578 0.287
Bovine_O_T Intermittent Ridge Regression 0.165 0.187
Bovine_O_InsA Intermittent Ridge Regression 0.142 0.165

Demand Profile 37L»NANULWIAGA Syntetos-Boylan-Croston (SBC) Classification laulginauai ADI = 1.32 uaz
A R et Lot Q0 o = C2
CV2 = 0.49 @1¥ Syntetos et al. (2005) Felasunmsiundulas Petropoulos et al. (2022) MMRNNCRNTIRILVBYA
{ a { ] o g Qs a AE Qs o
i’]EILaE]%; ADI = mmmmLaﬁmzmwmimﬂﬁvmLﬂuquﬁ; CV2 = MadgaI1aIRuUILENINMTUL TN Ik

a’mmm@]qﬂmﬁﬁ"l,mflugmfmwﬁu; NoAALAaN = MAE Waz MASE @'i']g@’l,w,l,@ia:i'mﬂ'ﬁ

15199 5 @1 MAE 318980 Cross-Validation 2aduULINaaIRan

RULTIADY Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean SD

ARIMA 0.875 1.012 0.945 0.834 0.939 0.921 0.071
Naive Forecast 0.815 0.832 0.830 0.819 0.829 0.825 0.008
Croston's Method  0.598 0.647 0.621 0.578 0.616 0.612 0.026

SBA 0.572 0.610 0.595 0.561 0.597 0.587 0.020
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HULINRDY Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean SD

Ridge Regression  0.398 0.421 0.408 0.385 0.393 0.401 0.014
Lasso Regression 0.475 0.482 0.461 0.452 0.465 0.467 0.012
Random Forest 0.524 0.534 0.498 0.501 0.503 0.512 0.016
Gradient Boosting 0.348 0.362 0.351 0.358 0.351 0.354 0.006
XG-Boost 0.392 0.405 0.378 0.387 0.383 0.389 0.011

SD = Standard Deviation 784 MAE T18781; WA2@2%%1 = ARIMA (SD gig@) waz Gradient Boosting (SD

fnga)

A13191 6 TTAURADNTNLRINZRY (Safety Stock, Reorder Point, Min-Max) 1 Service Level 99%

F18NTIER D-(?;%ILﬁa%) oD ss ROP Min (%u) Max (?;u) Avg (§u)
Porcine E_A  0.24 0.06 176 2.0 2 3 25
Porcine E. M 1.73 0.16 1.07  2.80 3 5 4.0
Porcine O H 1.63 0.40 133 2.96 3 5 4.0
Bovine P A  4.83 0.99 364 847 9 14 1.5
Bovine P M 4.03 0.39 252 655 7 12 9.5
Bovine O M 0.07 0.06 0.93 1.0 1 2 15
Bovine O A 4.20 0.57 278  6.98 7 12 9.5
Bovine O T  0.20 0.05 180 2.0 2 3 25
Bovine_O_InsA 0.20 0.03 180 20 2 3 25
ERTV 17.13 — 17.63  37.76 36 59 47.5

D = gUsidlafonoidion; 0D = dwdsaiuuuinsgiuzasguasd; 3dwam Hybrid: :18m139 O = 1 16
Normal Approximation: SS = z x \/(L x OD2? + D? x OoL?) lag z = 2.33,L =1, OL = 0.25; iwmiﬁ D<1ld
Poisson Distribution: A = D x L wa ROP = k ﬁaquﬁ' PX < k) = 0.99 lag SS =k — A (Axséter, 2015;
Syntetos et al., 2023); Min = [ROP|; Max = Min + [D]; Avg = (Min + Max) / 2

a‘gﬂuazaﬁﬂﬁwamﬁ:ﬁ'ﬂ

arduansIvy

ﬂTﬁ‘-ﬁ’Uﬂ%ﬁu53@f@qﬂi:ﬁdﬁﬂ% 3 U5zms eait f@qﬂs:mﬁ‘ﬁ' 1 wanmadIsuineulssEnTawiwa H1 91
LuUdIea9s ML nnﬂnmwlﬁwanwwmﬂitﬁﬁﬂdﬁ ARIMA a83ii%pdan19sia (Pairwise DM Test, p < .05)
a8 Gradient Boosting $¢i1 MAE ﬁﬁq@ (0.354) uax SD i’msam‘iﬁﬁg@ (0.006) aerourInMuLBENLaEA2T
\§Hp3 Yz ARIMA fi61 MAE §980 (0.921) uazldmunInnensotld@nin Naive Forecast atnadivinddny
(p = .142) f@qﬂszmﬁﬁ' 2 8u8% H2 11 Ridge Regression L% Best Model §1%31 6 718113 (30882 66.67)
Gradient Boosting 2 7187 (388az 22.22) WAz XG-Boost 1 7183 (Fasaz 11.11) Huguinlufuuuiaesle

A 9 o [ a A o ' A o & o o = a
LﬂN']ZﬁlJﬂqﬂﬂUnﬂi']ﬂﬂ']ﬁ?ﬁ@l mqﬂi:aaﬁﬂ 3 YUYW H3 NTTUUNANBIVBRINIIDNIAUATILAURG NN
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Lmn:aw‘ﬁniwﬂaqﬁu Tagszauafoniadofuusin 47.5 $u (Min 36 / Max 59 1) aA8I9INU0ATLUAS 143
T Aalluiouss 66.78 Ha@haﬁaﬂﬁa@m 9.81 Muum uazlszndadununiiansasFudiasnasdazano
971,000 uneiail

anisananisvy

aﬁﬂswui’mqﬂs:mﬁﬁ 1 aNUKkaniIwed ML talta ARIMA luﬁmlqﬂmﬂ'ﬁlajeimﬁau ML nnidszianlinanis
WeNIalaNg ARIMA agnsflisiu@maty saaaaadny Alim et al. (2020) WAz Thakur et al. (2024) lag Gradient
Boosting aafn MAE la¥asaz 61.6 tiavanaunsnsuanusunnsuuyliidwdadudsdutasnaiss
1A398319789 ARIMA (Wang et al., 2024) Tadunudmanfa ARIMA Lisusowesnsotla@ndn Naive Forecast
(p = .142) ﬂu%i'lvlaimminaﬁ'@é'mumﬂma’mﬂ"aga zero-inflated intermittent 16 (Petropoulos et al., 2022) A4
'LinL%aﬁamaﬁaagﬂﬁ%’umiﬁuﬂ‘umnaaméfﬂgm dszmausn maSoufisnidayszlonide ARIMA snnnin
ML 1484370 ARIMA l49ayanu 36 Liau el ML M ian1zg29n38na1u Walk-Forward Cross-Validation
ns# ML gawftaninnnsldifenlaiisefisnengranuudsunisvesnanis3ss (Coroneo & lacone, 2020)
Us2m37igad ¢ SD 209 MAE 118300289 ML nﬂﬂ's:mmglumd 0.006-0.016 14T NAMUHTanINTwNa
a:{iuauamaﬂnﬂ Fold "Lﬂﬁwamﬂq@"ﬁagalﬂqwﬁa m3i8en MASE w3 sanan twlUay Hyndman
and Koehler (20086) Lﬁaamﬂ‘*ﬁaga zero-inflated 4 baseline variance 61 vinlw R szrfandsz@nsninvas
wuudnassldadneliidusssy wanaanit Croston's Method uaz SBA ﬁaaﬂLLuummwwzﬁm%'uqﬂam“L;i
dotiasfisinasnin ML nndszin FiAuin Feature Engineering ﬁyimmieﬁLLﬂiL%aﬁumﬂuﬁﬁﬂﬁm@
lailgiNeansiRan Algorithm (Petropoulos et al., 2022)

aﬁﬂsmi’mqﬂixmﬁﬁ 2 ANUANNEENVDINIAALRDNLULINABILUUTIITIINNTIES Demand Profile 1897&9)
wdazsomatiuaainuadiaglunisideniuusiass Ridge Regression 1 Best Model %31 6 918113
Intermittent 13189371n L2 Penalty a1 Overfitting 1u°g@1°ﬁa§a°nu’1@1,§ﬂvlﬁaaiwﬁﬂ'i:ﬁﬂ%mw (Hoerl &
Kennard, 1970) mm:‘ﬁl Gradient Boosting L8z XG-Boost WWNNZNUTMEMT Erratic Wag Smooth-Lumpy ‘ﬁlﬁm’]&l
w”uLLﬂsgaﬂ’jﬁ (Chen & Guestrin, 2016) HaREuEH Bentéjac et al. (2021) dwvl,xiﬁLLuuﬁwaaalﬂmﬁaﬂdmﬂm
Toya URsATLAYY Patharkar (2024) faua Per-SKU Selection @%W%'uLa%ﬂvmﬁﬁdluiwmﬂgamga
aﬁﬂﬁm”@qﬂszmﬁﬁ 3 WANTENUITILATHFMaAsILazhETIuloune sruufiwamduanadonldiona: 66.78
97N 143 G 1Wde 47.5 Tu lagaasnen Service Level $agaz 99 YaAIEAINAARI 9.81 A1uUIN UazlEnda
Holding Cost U3zu1t 971,000 Undall §1w1tua1n Holding Cost Rate 33938882 10.1 ¢l Gegningan
sunAguialiana: 15 waasimadszndafitonuidu Conservative Estimate fiviidafio nydiuszau
aﬁanlﬁaa@ﬂﬁaaﬁuﬂ%mmﬁwmnsrﬂ@ﬁ”ﬁd“ﬁaﬁa@wmwmémmni’awmmqua:a@ Bullwhip Effect l#szuy
Consignment (Landry & Beaulieu, 2010) dﬂu?ﬁﬂﬁﬁdﬁ’]muﬂﬂ‘mu Best Model Selection LI %@ wlluULE
ﬂiziﬁ'ﬂﬁiwﬂLLiﬂmaaﬂs:m@lvlmm%m%’unmn”msvmﬂuinmUﬁamgaﬂi:Lnﬂqﬂaoﬂﬂﬁ@ialﬁaa SesunInvene
NavLﬂﬂ'dLQ%ﬂbmsvaﬁﬂﬁu L7% Mechanical Valve, Pacemaker a2 Knee Implant

22IINAIIWHIVY

LLﬁiﬁawuﬁﬁ'yﬂ%ﬁaﬂ%ﬁa%Jaagmmnm 36 90 lasfigadnseulusaunnies 24 \dau ualuitnia3dnlenu
MITUTBINA AU e IEIuTeILULT 1889 ARIMA ﬁﬁwmu‘[u@a Expert Modeler 284115un3y SPSS
Statistics 1293%% 26 1w MsRALEENMITTLA0S (p, d, q) diiunislassaluifauinmas AIC uaz BIC @%wqﬂ
wiaududu White Noise 678 Ljung-Box Q-Test nazuaumiainangisdasnunisimuaniniiiaaiauga

aan A o d ' ) _n d a & v ¥
wmmaag'sﬁ]mm:a@m’mLﬁmmam's:mﬂ%‘wgm (Overfitting) ‘ﬁa’]"ﬂLﬂ@ﬂl%ﬁ]']ﬂﬂ']il]i&llﬁlQNE‘]@]'JEI?IE]HE‘]"II%'W]
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dnldatfidiziniain dwibuuudines ML §3361% L1/L2 Regularization uazmadiuudininiiinaidae
Grid Search Muluusiaz Fold Lilaaugy Overfitting 1ANLEY (Hoerl & Kennard, 1970)

olanauwsIIlfia

gjluﬁﬁﬂaaﬁ%ﬁﬁ%ﬂﬂ@:i’uaamﬁmmﬁamiﬁﬁzuu Best Model Selection 113Uz URIRULNAART
n‘*ﬁn“'m«ﬁﬁﬁayj’ Tagfnuaszaugdon Min-Max a1ua13197 6 Ususoanas Consignment nugdadniineld
aaﬂﬂﬁadﬁuﬂ‘%mmﬁwmﬂnﬂﬁ LLRe Retrain LL‘LIlJ"ﬁ’ma\‘i‘Ylﬂ 6 AW WIANAAAY Inventory Turnover, Stockout
Rate uaz Expiry Loss 11350152411 Tsanenunaduaunsninnseuilddsulsmunssmsidslusiene
%ﬁ@lﬁ% L75% Mechanical Valve, Pacemaker L8z Knee Implant I@m’%'umﬂn'm'mmﬂﬂi:l,nﬂqﬂmﬁmmﬂmsﬁ
SBC Classification nantdanuuusnaasfiinunzas

sorawaunlumsisuassaalil

nmassluemaaaisvssrwatayaidu eo dendwluuasWainidu Multi-Center Study 1eLfis External
Validity uaﬂmnﬁmiyimmiﬁa wdsn1ewan 1w Surgical Backlog W1t ARIMAX %38 Multivariate ML 33401

. ) N - . 4 A P
Dynamic Lead Time Distribution WLae Activity-Based Costing me_l‘a‘zmumunummum IV
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