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Abstract

This routine- to-research (R2R) aims to: 1) develop an artificial intelligence prototype for classifying
procurement operations into “procurement” or “purchasing” in accordance with supply regulations using machine
learning techniques; and 2) experiment and test to identify the most efficient and suitable prototype for practical
deployment at the Faculty of Commerce and Accountancy, Thammasat University, under the principle of Al
sovereignty. The research methodology compares two Thai text preprocessing methods: Document Embedding
(Prototype 1) and Bag of Words (Prototype 2), combined with the training of two classification architectures: Logistic
Regression and Neural Network. The models were trained on a dataset of 577 procurement items and evaluated
for real-world performance using a test dataset of 37 procurement items from August 2024. Based on the research,
artificial intelligence prototypes were developed for classifying procurement and purchasing processes. The most
effective and practical models for real-world implementation are Model 1 (utilizing Document Embedding for data
preparation and a Neural Network for training) and Model 2 (utilizing Bag of Words for data preparation and a Neural
Network for training). Both models achieved the highest F-1 Score of 0.973.
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2) MsinFeuteyarieds Bag of Words iledimsinsusunuuudiidunuululdauais nsdiuunseninans
Jndouarnisdndnsveafuuuuiiinsfindudae33 Neural Network Sf1uUszanBam F-1 Score gendrduuuufiinsfindu
elely Logistic Regression 10835 Neural Network fiA1 F-1 Score 0.973 Tuaqueiias Logistic Regression d@1 F-1 Score
0.893

3) MsEnHuFULUUETE Neural Network iiethluldauadeiien F-1 Score AfUszanBamgenidunuuiiilngy
A18735 Logistic Regression ﬁgﬂuﬂizﬁmﬂm’%awﬁa;ﬂaﬁw%ﬁ Document Embedding wagnsainsin3eutoyanieds Bag of
Words
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d3Unan1sIdY

NMITelaas LU utdygUsshivg ﬁm%’umsaﬁuuﬂmiﬁwLﬁumimuizLﬁauﬁa@sdemﬁmsﬁa
waznsdndnaudseanidu 2 Auluue

1) fuwuud 1 %ﬂﬁﬂﬂiL@?&Ju%@gaLLuu Document Embedding Tnauusnisindudu 2 wuude LogisticRegression
(LogisticRegression_modell.pkcls) wag Neural Network (NeuralNetwork modell.pkcls)

2) FuwUUi 2 gﬂﬁﬂﬂiLm%‘EJiJ‘iT@QaLLUU Bag of Words laguuan1silneluidu 2 uuufe LogisticRegression
(LogisticRegression_model2.pkcls) waz Neural Network (NeuralNetwork model2.pkcls)

INNITIINUI ﬁmmuﬁﬁﬂﬁxﬁm%quqqmLLazmmzaur"f‘umsﬁﬂﬂwmuﬁqﬁmﬁ’umﬁwLLuﬂmi%’m%a%’m%"m
YOIAMET AORURUUT 1 ﬁ'ﬁmﬁm?awﬂ'agaﬁm’?% Document Embedding wagH nlun 1875 Neural Network
(NeuralNetwork_model1.pkcls) l#@1 F-1 Score 0.973 WarFLUUT 2 ﬁﬁﬂﬁm%'au%'a;gaﬁmi%' Bag of Words wagineu
A1875 Neural Network (NeuralNetwork_model2.pkcls) 191 F-1 Score 0.973

afuTENaNITITBRaTTDLAUDNUE

MTUINHANTNARDILAYNINTUNANIEHAINATIATEUTBYAGMTUNTRNHULAENAFBUAULUUTENINTT
Document Embedding wag Bag of Words anunsaesuisldinlunsdifidnsiluldeuasadainnisvmaasamuinisns
Fnelunuu Neural Network {wisiildause@nsnm F-1 Score qﬂﬁqm 11NAIISNTHNEULUY Logistic Regression oty
911315001A1UTEEANT AN F-1 Score 9893515 NEluLUU Neural Network 3gnu31n15t@3 803 akuy Document
Embedding l¢ifUszansam F-1 Score 71 0.973 wiunisimseudoaiuy Bag of Words filsanUsz@naam F-1 Score
i 0.973 %ﬁ%mil,m‘%w%a;gal,wu Document Embedding ¢ F-1 Score Winfuiuisnsin3eudayauuu Bag of Words
Fanantsmaaedlunsdlildaenndosiundnnisyhauees Document Fmbedding 84 Le and Mikolov 2014 wagndnnig
¥1911v84 Bag of Words w84 Manning et al. 2008 filaendnn15va1uuds3s Document Embedding 2ziusyansninly
mssuundeanuldfniniesninaunseaziournuninevesuiunvesieninuldini13s Bag of Words Lilasainaiy
srarAnuTUTeuveITemsingednindildunn nswissudayalaeds Document Embedding wag Bag of Words 34l
finuusnsadlofinauwuy Neural Network

NITANIUNANITNAADIDINATH NN ULAZNAFOUAULUUIABNAITUIITNISRARULUY Logistic Regression 4%
wuin Mswiendeyauuy Document Embedding lfAnUsz@nEaim F-1 Score #1 0.973 FsunnninnisiwSesdeyauuu Bag
of Words #lfrUsz@nsam F-1 Score 71 0.893 3438msin3oateyaiuy Document Embedding fiAn F-1 Score 11nnn
Fnsirendeyauuu Bag of Words ZarnaausnsnaesUszavsnm F-1 Score firnsnnninegnadaiau dawansvinass
Tunselilaonndosogranniundnmsieuwes Document Embedding 98¢ Le and Mikolov 2014 wagnann13vnauues
Bag of Words 981 Manning et al. 2008 wazlunsdiiiganunsaesunelein Iuﬂsaiﬁ%a;gaﬁ%’ue’ﬁau'i%ﬂﬁ?]ﬂeruLL‘U‘U Neural
Network a2l@iA1UsyAnSnmvesdunuufifnga deaonndosiu dnvaizvesdSuuu Logistic Regression (Hosmer et al,,
2013) Lag3suuu Neural Network (Goodfellow et al., 2016; Haykin, 2009) F905U1379135uUU Neural Network 3
AnuannsalumsFuanuduiusalidudadutaziudeu Samnziudeyafifisuuuunainuansniiisuuy Logistic
Regression

mMstmansITelulivsslevivazuuimensiseluowan Mnnansideansatuuimeniseildainnis
Wedlusudunslunsdvesmssuunnsdnisduiumssg yosilumbeian sudsmlunihsnuduluaaz siuds
mhenuigaug eindnnsdudumsifdnvasiieriudesiaudndudesduiunsligndesnsuilung sudeusneg
dngunasidaauuiisuuuutasdnvazvesteyanioid msiitivadostunisdndunsiivarnnansuas dudeunaziing
Wasuulawestoyastwieies Mufdfuisanuiifeteadudmaunndagnuivtgmlunsaiansgiuns
sufunsiieguunasgrudsrtwilden wagluvsunideyaiiierdedumsdniumsiuteyailifunnuduniodu
foyaneluvembhenuiifissdouuastormusluiudnundeyamuszfouvemenuss
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