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ABSTRACT

ARTICLE INFO

Background and Objectives: Patient drug safety is a priority in
the World Health Organization (WHO)'s action plan. In Thailand,
psychiatric medications are among the top five drug classes
linked to adverse events. However, analyzing adverse drug
reactions (ADRs) can be a time-consuming process, and
variations may arise due to differencesin the expertise of medical
personnel. Classifying ADRs in psychiatric patients who use
bilingual (Thai-English) electronic medical records s
complicated by linguistic structures, transliterations, and non-
standard spellings, which can hinder the accuracy of existing
classification models. This study aims to develop a model for
classifying ADRs associated with psychiatric medications in
bilingual text. It willcompare machine learning and deep learning
techniques to enhance medication safety surveillance within
Thailand's healthcare context.

Methodology: The process began with collecting ADE data from
psychiatric patients between October 2019 and March 20283.
These data were then processed to develop a model for
classifying ADRs using natural language processing and five
traditional machine learning techniques: Gaussian Naive Bayes,
K-Nearest Neighbors, Linear Support Vector Machine, Logistic
Regression, and Random Forest. Two deep learning techniques
were utilized: Convolutional Neural Networks and Bidirectional
Long Short-Term Memory Neural Networks. Finally, the model's
performance was evaluated using 70% of the data for training and
30% for testing.

Main Results: The findings indicate that the model developed
using the Random Forest technique, combined with feature
extraction methods incorporating both 1-gram and 2-gram
approaches, achieved the highest level of classification
performance. When tested with a dataset of 384 samples, this
model achieved an accuracy, precision, recall, and F1-score of
84.6%, 82.6%, 84.6%, and 83.2%, respectively. The developed
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model demonstrated high effectiveness in accurately classifying
adverse drug reactions, showcasing its robustness as a machine
learning method in the medical domain. Additionally, regarding
computational efficiency, the Linear Support Vector Machine and
Logistic Regression models exhibited the fastest processing
speeds, making them noteworthy options for scenarios requiring
rapid decision-making.

Discussions: The findings of this study align with several
previous studies, although variations may arise due to the
characteristics of the data and the complexity of bilingual (Thai
and English) contentin electronic medicalrecords. Deep learning
methods are resource-intensive and time-consuming; thus,
selectingthe appropriate technique requires balancing accuracy
and speed. Real-time systems may favor Linear Support Vector
Machines, even though they are slightly less accurate than
Random Forests. Future research should incorporate data
balancing techniques, advanced feature extraction, expanding
data sources, and experimenting with language models
specifically developed for the Thai language and medical
contexts.

Conclusions: This study demonstrates the potential of utilizing
machine learning and deep learningtechniques to detectadverse
drugreactions, highlightingimportantimplications for developing
an efficient surveillance system. Such a system can enhance the
speed and accuracy of identifying events that might otherwise be
missed, while reducing the workload for healthcare personnel,
allowingthemto concentrate more on patientcare. The proposed
approach aligns with the WHO’s guidance and Thailand’s digital
health policies.
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ummmay)a"luﬁuyjm (Missing Value) 1eun magaiuﬂ@auu ADE t1a¢ Preventable type N1 NaN

9
130 A131998N mﬁaum%’ay‘ai‘hmu 1,278 172 NNNIHUA 1,652 um%’aga

11
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Q’/ { ] 1 a [

Juaeui 2 Msunguieya (Data Classification) TagWa15a1voyalunoauil Preventable
o d o J a [ 1 1 g 1 {

Type vIndoyalunoauiiainard twanmisdsziluvoundrnsoglu 2 nguil ngui 1 ADR

1 ] o 1 I

n'lia1wrsodeariu’ld (Non-Preventable ADR) 403aiifi11il1 “Non-preventable ADR* #30 “Not

ISP

preventable ADR” H39ngu# 2 ADR Aa 115011041l (Preventable ADR) Yoyaiinnilu "yuiaen

U

v
Y A =1

39 ¥ ANUAVRINTUTHITEN LIz, "Preventable ADR", "H1)52 AL 81150 ADR 9108l
mﬁ@u", ”‘J%ﬁﬂ811HL§6QQQﬂi1i$ﬁUﬂ1S§ﬂB1 130 non-adherence", "Drug interaction", "z e
aalsa", mAeadue”, "lulnsasiataseaverludear, "anualunisasie lmuizay”
o 1 1 a3 1 1 [ 4 1
I muan1doya Class Ty ADR 130 Class 0 uanIna1lunddNI Preventable type HAIWANTS
a I ] o ) 1 [~
Usziiudlu “Not ADR” w3 “lidady ADR” 1dimiuasdoya Class Traiillu “Not ADR” 150 Class 1
1 = = % dy
1eaz Class U510021069 ATl
ADR 14 Class (191 0 T804 1,055 a2
Not ADR 141 Class (101 1 ¥58 1311491 223 192
3 { o o o a 1% o Y 4
TuUAOUN 3 MIAITABNYTSNABUASA UAY (Special Character Elimination) m%yaiuﬂaamu
(% a % { 1 1 v o A [ o
ADE unausnusgiiabuagzduay unuiaslidieresing nasduiiunsdeyanoauil ADE nue
% d‘ v @ o o d‘ o d‘d o o d' o
A10NYIIRAY 39 AI0NYT TUIUM Iaamds 4 A1 Use Teanddauduniga 21 m
;/ td' o [ 3 v . [ 4
YUAOUN 4 ﬂﬁl!l/fl\?@ﬂyiﬂ7B780ﬂf}yll/u¢73mﬂ (Lowercase Conversion) uilasneauyl ADE
AN o o o I v I A Y o 1 g o A @
nummevngenIruailuaan e lvuuudiaeansiwnduiiaeinu
;/ { o o o A @ o [ 4
TUADUN 5 NTAAA (Word Tokenization) Suiiumsaamioyaionauluneauii ADE Tag

4 I 1 ' ) [ a L4 a
ﬂl%}llﬁlli']di PyThaiNLP lﬁi’)lwﬂsﬁ}@ﬂﬂ'lll!‘l] UNUIBERIT T UM BT I K LaL 52U IaNan U5 ITUHA

(NLP)

v
o w

Y [ 1
Juaeui 6 N1IA19AMNYA (Stop Word Removal) avsvgansomna linudesluise Toa
Mu Ineuaznwvangy emulse@nsnmvesuuuiiaouazandyyIasUNIU 109910
] dal (K] ] (=] 4 9 Y 9 ' 4
maril luyaedsveneins ldielszasdoninmsldeorlasasawaznuldlunndondy ¥ao14d
suvSraesgudulindridrdguazaamsiouidoyananain audivgalunivrInede Library
a = ] I dy o A ] a
PythaiNLP 019 “Aau” “m3” “i” «ai” <417 <12 “wwo” 1fludu wennnil ldaudnnutesluusun
4 o A (] =3 1R 4 9 A o 1 [
namsunngnp Inetazan litswendeeims luislseasaninms 19 811 d11 “w1l” (Gounan
I I J [ I o
A1) “dihe”, <015, “unnd”, “werwna”, “nde”, “au’ld”, “o1, “Tsaweruna” iWudu tazaum
ngansomna linuteslulse Toanudingy d1e'lausidved nltk 819 “cpk”, “mg”, “bpm”, “kg”,
I 9 ) a 1 [ 4 =} A o v W A o A
“hr”, “oct” LU UAU HAIAUTUNITNYI1 ADAUY ADE IA1081Ra831UIU 29 d26ny3 UAunae
U 5 M agllszgleanenngaiiiuium 32

dmsudedtoyaidunszuumsiszuianadoya 1aanan15199 3 (Table 3)

12
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M1519N 3 (Table 3)

A998 NV 754@?&1161’1’8&1@5307/11?’7 (Example of Preprocessing)

Funou HadNERa N HaneIvn
(Step) (Column Result) (Remark)
oM hidiaszaan Aana
finad (Class)
(Adverse Drug Event)
1 msfadendoya e naald cefiri 3 u Tijamnsa msfadentoyannneauil
(Data Selection) (ﬁ hx 149 Amoxi 11917 skin test Yloaru'ld Adverse Drug Event nazalsznn

Aould ceftri neg) (Not preventable) Preventable (ﬂﬂfﬁlﬁ' Class)
(generalized pruritic rash after (Selection of data from the
ceftri administration for 3 days Adverse Drug Event column and
(patient has hx of Amoxi allergy the Preventable type (Class
but skin test prior to ceftri column).
administration was neg))

2 msdanavyveya fusuitad waal# cofiri 3 $u 0 MytewA 1Y Class (ADR =0,

(Data Classification) (fl hx 143 Amoxi 11917 skin test 13i7% ADR = 1)

Aould ceftri neg) (Definition of Class values.(ADR
(generalized pruritic rash after =0, Not ADR = 1))
ceftri administration for 3 days
(patient has hx of Amoxi allergy
but did skin test prior to ceftri
administration was neg))

3 msausnusziiey  Ausuiad wdald cefiri $u Tl 0 AUIAY 3 ARG BIMINEIE VBN

(Special Character

Elimination)

hx UW Amoxi LAY skin test
Aould ceftri neg (generalized
pruritic rash  after ceftri
administration for days patient
has hx of Amoxi allergy but
test ceftri

skin prior to

administration was neg)

(Remove the number 3 and the

parentheses.)

13
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M15199 3 (Table 3) (Cont.)

Funou HadnERe T WINEIHE
(Step) (Column Result) (Remark)
o3 hifiaszasn Aana
ﬁ!ﬁﬂéﬁu (Class)
(Adverse Drug Event)

4 sty Ausuie na i cefiri Su 0 mlasidnus A d iy o dudn
Fmuan 31 hx 1 amoxi A1 skin test (Convert the uppercase letter ‘A’ to
(Lowercase Conversion) AoulH ceftri neg lowercase ‘a’.)

(generalized pruritic rash after
ceftri administration for days
patient has hx of amoxi
allergy but skin test prior to
ceftri administration was neg)

5 MIAALLNM i A, v‘?&ﬁa, Han, 0 wenilss Tenoomilum

(Word Tokenization) N, ﬁ, hx, LL‘V?I}, amoxi, u,m', 1, (Split the sentence into words.)
skin, test, ﬂ'au, Gh"i}, cefiri, neg
(pruritic rash, generalized,
after, administration, ceftri,
days, has, hx, allergy, amoxi,
but, did, skin, test, prior to,
administration, ceftri, neg)
6 msaudilid oy AR, ceftri, hx, 1Y, amoxi, 0 v s uiueen 1dun Had,

(Stop Word Removal)  skin, test, ceftri, neg

(pruritic rash, ceftri,

allergy, amoxi, skin,

ceftri, neg)

qge, W, hw, b, caewr, <N
(Remove stop words, including:
‘generalized’, ‘after’,
‘administration’, ‘days’, ‘has’,

‘prior to’, ‘administration’)

AIZUIUMIA WUV a4 (Model Construction)

a v g‘z dy Y o o o [ o (= 4 9
ms:mﬂﬂsm"lﬂwwmgmumamamsumuuﬂmﬂ"ﬁ"lquahzmﬂmﬂmﬂ%m Tagnagou 7

a Y 1 =1 Y 4' o a = = 4 a =4 14 a
NAUA llﬂll,ﬂ NITLTYUIVDIUATINIIUIU S mANAM AU NILE InANARINES IS TS AN

FunesanmaesuusFudadu maiiansoaoos Talaan uazmadiausuaouesad wagmsisous

a =K a 9 1 ] = @ 1 =
LBIDN 2 INAUA ”lmm IﬂiQGIJ"IEJ‘]JiSﬁ”I‘VIWIEJiJLL“]J“]J?I@MI’JQGKM waz Inseviedsearmnenuuy

9 v
NUWANUINTLISTU-81IADINANI uaﬂ%’%uaﬁmuﬂﬁzmumiﬂszmaNaéﬁ'au

v 'Y
alaINILIUITYD

u
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& v = ¥ = o Yo = Y
Lﬂwuaumgmlﬂﬁau 70% LLazmayaﬂmmﬁau 30% qmmumaaa"lmumivlﬂamuuumay,acm

U

v Y
RernunaznadounUyAToyaiuAnaA 1Y InszuIunsAsll

msﬂszmawammﬁﬁumﬁuazmaﬁw%mmm%a (Natural Language Processing and Machine
Learning)
o 9 4 1R J A
u1611amwqummqmﬁm"lquﬂwﬁm (ADE) taz e (Class) NWIUNTSUIUNTT
Y
Y] [ .. o
Uszuranadoya Navua 1,278 tenas vwtiuilugadeyaSoud (Training set) 70% $11U9U 894 A
19NAT Lzax%’ayawﬂﬁeu 30% 91U 384 1oNA15 (Test set) Lﬁﬂﬁﬁﬂﬂmﬁﬂymx (Feature Extraction)
9 = 9 a ~ ) = @ A 9y [ o o
‘ﬂ'lﬂ"lfﬂGUEJiJaI?jﬂﬂ’JfJL‘ﬂﬂuﬂ‘Vi"lﬂ’J']JJﬂﬂW-ﬂ’)'lllf]!f)ﬂ’e’ﬂiﬂﬂW‘L! (TF-IDF) tWaAUNIA1 (Term) N ?H 61
19N a3 (Document) I@]ﬂﬂi]'lﬂlu@‘ﬂ'lﬂl@ill’ﬂﬂﬁ1i1ﬂﬂ’m@ Lﬂuﬂjumum@mmmumiﬂauﬁw%umm

LL“LI'UiiWﬁE]\? L‘W’E]‘]Jii$L3J‘Llﬂ'ﬂiJi]6USQﬁTﬁJuﬁﬁ]LﬂﬂﬁWiﬁ\?‘gﬂL@ﬂﬁ"li uﬁumiﬁm:}mﬁmnmw 1
TF — IDF (t,d) = TF(t,d) x IDF(t) (1)

Tagi TF fio Anwdves 9 Term (t) YsngTuend s Document (d)

IDF Ao snaenansinmnaulufaa mnsimy 18 U luenan s 9 Uoy

Y
Aniuagiinzuu IDF é ﬁmmiﬁmmmaumiﬁ 2

IDF(t) = loggrs + 1 ()

= o

H 9
Tagn 7 A9 VTUIUDNTITNINUA
A o AA o A a é’
DF s Muenad1snimngulounavu

1A DE-TDF (7) tswia 1aanaumsi 1 1Y Normalization #4an13h 3

%4

Viorm = 3)
/V12+V22+~-~V,%
A H 1 o 9 . Y = g o 9
wmmmmzmmimm TfidfVectorizer #10'lavs13 sklearn NUUUUBYAYANATDU 70%

WIAIVIASUUUANVDM-ANVDRNAIHIRY (TF-IDF) nugadnyazianudgeluudazaaie

]
o

= o w A A d' 9 [ d‘ d' o a 14

LiEN@T@‘U?’YIVUJFI’J"I?JQQ’Q%TﬂiJ"Iﬂul‘]JI!’t’)fJ ﬂ\illﬁﬂ\‘l‘luﬁii"lﬂﬂ 4 (Table 4) LHAZIUONIUUANITIUINDT
o w o o A 4 { . 1 o 1 2L <

gﬂgmmmammmmmumﬁﬁulﬂ ﬁdﬁ’ﬂ N-Gram 14 3 U1 LL‘IJ‘]J‘I?I 1 Unigram (BUA1IT dULUY,

¥ I £) A . 1 o 1 ¥ A o 3| 9y A I o o &

WINY W uau uuun 2 Bigram I¥UA1I1 UIUY ll‘l"fa, nau a1un \Wuau wazuuun 3 19un1siiAIng
Y 1 o 1 &£ < ¥ ¥ ° <3| ' '

1% Unigram 1182 Bigram 33484 195UA131 auude, 1wy, 1wy Tva, nau d1u1n Wudu nudn uaas

v ' 9
sinpuTiTIuguanBuziLANA 1A UAIA15197 5 (Table 5) MINHURALILDUTIA0INTBoUS VDS
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A Y a 7 A = 4 a P 7 A o s s A a9
Lﬂi@ﬂﬂ?ﬂmﬂuﬂm']T;TL“]SEJHUTEJV\IL‘UEJ NAUALALHYTLITIULIUDT INAUAKNNDIALINIAD TUN BB ULIWILETU

a a A a J o 2
madanmsonosslavaan uazmaiausuasuwoisaa N1 N-Gram 19 3 qﬁjTJLL‘U‘U GlﬂsflGIgﬂelsll@Nﬁﬂﬂﬁ@u

U

Y 9

o Y o = 9 = Y = o 2
1UIU 70% GlWLL‘U“]J%TﬁfNLi‘EJHg Llaﬁﬂfﬁ‘EJ“]JL‘VIﬂUﬂ?WNQﬂﬂ@QiﬂﬂWinﬂLlUU%Tﬁﬂ\‘] mﬂuuﬁlwmay‘a
o o a 4
nagaou 30% “lflﬂﬁf)‘ULL“]J‘UGUTﬁfJ\‘lll,a$!,‘]_ldﬁfJ‘]JL“ﬁfJUﬂ?WNQﬂﬁ@\ﬁl@ﬁﬂ!ﬂ%}@Haﬂﬂﬁ@U DI UANITIUINDT
a J a 7 A a a
TﬂEJGlG]stWIﬂuﬂfﬂﬁﬁluﬁfflmﬂﬂiWWﬁ"lﬂJWI@'i“ﬁL“H3J1$ﬁNﬁ?ﬂlﬂﬂHﬂﬂWﬁ@lﬁﬁzﬂﬁﬂ‘ﬂsﬁl'lllll‘ﬂ‘ﬂﬂﬁﬂ
A o [} 1 o a o A g}l
(Grid Search Cross-Validation) (3491011 uA%9A19049 laiesnisiimesndesnisnagey 9101y
1 £ s a s 9 9 A s a s
‘V]ﬂﬁ@ﬂllﬂ'ﬂﬁﬂaﬂ\‘]@nﬂﬂ,?ILTJE)?W"IS“JLWE]?LLG]EW%@ Iﬂﬂi‘b’ﬂ1iﬂi]ﬂﬁ’0ﬂﬂﬂu7‘|ﬁ’ﬂ‘ﬂqalﬂ@ﬁ‘W"lﬁnJm@ﬁ

v [

. 1 £
Ifnaansangalinail

models = [

GaussianNB(priors=None, var_smoothing = 1e-09),

neighbors.KNeighborsClassifier(algorithm = ‘'ball tree'leaf size = 40, metric=
'euclidean’' , n_neighbors = 11, p = 1, weights = 'distance’),

LinearSVC(C=1, class weight = 'balanced’, dual= False, loss = 'squared hinge',
max_iter = 1000, multi_class = 'ovr', penalty ='11', random_state=0),

LogisticRegression(C = 1, class_weight='balanced', multi class = 'auto', max_iter=500,
penalty = '12", solver="liblinear', random_state=0),

RandomForestClassifier(class_ weight = 'balanced', criterion="entropy", max_depth =
100, max_features= 'sqrt', min_samples_split= 6,

n_estimators=50,random_state=0),

M5137 4 (Table 4)

AI08 NAMANYULVONUADEAAT (Sample Features for Each Class)

v

fale AMNaNHU

(Class) (Features)

Y Y v v
Aunda (Tardive dyskinesia), anelva (Hypersalivation), @4 (Tremor), ie (Hand), i du
' ¥ o
(Hand tremor), 439 (Drowsiness), 41818 (Drooling), Tva (Drooling), 17 (Body), 1n (Mouth),
v 9
%@ (Clear Speech), 1n3q (Rigidity), 11U (Breast milk), H11 Y Tva (Galactorrhea), 1A U

“ (Walking), A9 (Stiffness), 81110 (Difficulty), N au (Swallowing), ©t il (Syncope), au
0 199 ADR

( ) (Tongue), a7 LL%Q (Muscle rigidity), ABLIT (Dry Throat), Suu%q ¥a (Dysarthria), 10 1
0 or ADR

(Dry Mouth), U (Dryness), pt (Patient), R RGERINE (Dryness of throat), au 81110
( Dysphagia), Gcl’ 1 (Hypotension), U ( Vertigo), % (Unsteady gait), ‘L%‘ 1 (Fluid), eps
(Extrapyramidal Symptoms), 194 (Stiffness), 0 (Rigidity), pulse (Pulse Rate), f?:uuﬁa naY
(Dysphagia with Dysarthria), N1 (Eating), 31 (Somnolence)

16
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M15197 4 (Table 4) (Cont.)

[y

aag AMNaNyU

(Class) (Features)

W (Rash), TR (Report), pulse (Pulse), Useiiu (Assessment), NUAY (Rash), 110 (Mouth),
2 .. a . = v .. 2 o o .
138U (Dizziness), NY (Eating), 138U YU (Dizziness), UL (Tongue rigidity), AU (Itching),
1A (Walk), i (Face), aedy (Suspected), pt (Patient), N4 (Taking), a (Well), adr (Adverse

1 39 Not ADR Drug Reaction), GR! (Significant), 81 1eY (Vomiting), U1 (Fluid), 1Aen 1n (Tardive

(1 or Not ADR) dyskinesia), fen (Chewing), eps (Extrapyramidal Symptoms), aau'ld (Nausea), U (Dryness),
1n@ (Normal), 11n e (Dry Mouth), nay (Swallowing), vy (Improved), 81110 (Difficulty),
V1 (Leg), NAW 81110 (Dysphagia), N199¢ (Psychiatric), 10 (Stiff), 1381 (Time),

a2 (Body), 93 (Confusion),ﬁmwhlﬁa (Sialorrhea)

5197 5 (Table 5)

a 14 o 14
WITIAB5 VDN N-Gram agt1uIuines (Parameters of N-Gram and Number of Features)

‘gﬂmdmﬁm N nniines NUIURMANHU

(N-Gram) (Parameter) (Features Number)
Unigram (1-gram) ngram_range = (1, 1) 1,139
Bigram (2-gram) ngram_range = (2, 2) 3,327
Unigram 481 Bigram (Both) ngram_range = (1, 2) 4,465

msﬂixmawammﬁﬁumﬁua:msﬁﬂu:ﬁ: iFaan (Natural Language Processing and Deep Learning)
nouieyari1 ludnlunyuiiasesnsBeudizedn 2 maiia laun Taseiredszamiion
' Y
uuvuneu T1gdu naz Iaseielszamiionnuuniteanuiszez du-saesianie Taauiuns
= ) ] AR ¢ Y = °
w3 entTeyaten 1T wnumMgnsel iielszass (ADE) 1deglugduuniunusiaesainise
Uszunanal@ (Tokenize) Taoldlausidues Keras nugadoyailn $112u 894 gatonais uazdoya

1 o

o o ] I o Y
nAAdY 91U 384 1BNa13 MMz Tenoamdlum (Texts to Sequences) uilasugazalviod 1y

o v do

511UV Sequence H30AMAVAYT (Index) Tmualdnndrluadefmdwidmsudoyamsin Tasimiua
num_words=None mﬂﬂﬁqﬁﬁwﬁﬁ’wm 952 A1 (vocab_size) iﬂﬂf!}}uﬁ1 pad_sequences Gl‘ljili/].ﬂﬂ‘i z Tondl
117U Sequence AVIAY Lﬁeﬁmimmmmﬂmi‘ﬁﬁmmﬂnqqq@ 32 /1 wazAunAsiiuaudon
PATIIRANUAIIRD 5 A1 S0EN 0 doitely Array 19811 1A padding=post 1182 maxlen=32
@ruauanueriiledy 0 udazisz Teaud) nadwiaan13199 6 (Table 6) #29619301591 Texts to

Sequences 41a¢ Pad Sequences

17
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15197 6 (Table 6)

3 o v o a o @ o 1o
msutasteanuiuarduduaviasmsiavardvud 1Fianue1 iy (Texts to Sequences and Pad

Sequences)

TunOU WMIN03 HaaNs

(Step) (Parameter) (Result)

1) Yoyaignisl lais - 117 (Mouth) 134 (Dry) AL (Dry throat) YAt

sea qﬁﬁuﬂﬁu (Original (Headache) Meno (Back of neck) nau (Swallow)

Adverse Drug Event Data) M (Rice) 81010 (Difficult) Hano (Throat tightness)
2) wlasdonnuiugiau num_words= None, [5 18 20 107 322 15 108 14 241]
A A% (Texts to Sequences) vocab_size=952
3) @udeuldtanuen padding=post’, maxlen=32  [5 18 20107 322 15 108 14 241 0 0 0 0 0 0
L‘Vhﬁu(Padsequences) 000000000000000O00O0]

9 ]
i]1ﬂuuwmumuuﬁmmﬁ”wmﬂuﬂmwwﬂizmmﬁﬂmmumuiag%u naz Insaing
9
YszamiienuuuviieaNuisres Fu-eaesiame uavdseiivdsedniamuuusiansdiens
~a v = . v o &
L“LGEJ“UL“V]EJ‘LI?]’JHJQﬂG]E]ﬂuﬂﬁPJﬂ (Training Accuracy) uazmmgnmﬂumﬁau (Test Accuracy) AU
° ~q ¥ a ' ~ v A 9 A .
LmumaawMmmmTm‘wwﬂ5zﬁmmﬂmmumuhqﬁvu 11AT9a3 190U INN 2 (Figure
' Y v )
2)TA8iuNTY Input m%’auﬁaﬁﬁmman 32 /1 AUABFU Embedding ﬂizmawamﬁﬁmau 952
3 v do aa A o & I @ a ¥ 2~ . °
i WaaWsIUIU 200 A twarasduunnneIia1NKLIY DANIAFU ConviD B4 Filters 3142U
Y
° o . . S . . .
256 1ag Kernel YU1A 5x5 ﬂ1ﬁuﬂﬂ>’uﬂ1iﬂi$€!}u (Activation) 11U ‘ReLU’ (Rectified Linear Unit)
] 1 Y
Lﬁaﬁﬂﬂﬂmaﬂymz 11ag GlobalMaxPooling1 D Lﬁaaﬂmuazﬂmﬁaﬂ%’@gaﬁmm ADAIFU Dense
1 Y [ g’/ ]
YUIA 512 11U NIPUTIATY ‘relw’ AUAIY Dropout 8A151 0.2 112 Dense 9NFU U1 512 ©Y

@ a g’; ] Jd v 9 [ v
503 Dropout 6031 0.5 AN 18AI8FU Dense V119 2 11128 WWIAFU “softmax’ FINTUIUUAHATNT

o = Y ] o ¥ o o Jd o a2 3|
2 Aad LL‘U‘UmamgﬂvlﬂﬂaﬂmaﬂﬂiuumuﬂﬂlamuumaEN ‘adam’ Wﬂﬂ%umiqmummﬂu

9
v A o

. A I
‘sparse_categorical crossentropy’ wazisziiiumanig ‘accuracy’ Wuamia

2NN 2 (Figure 2)

amfmenssuvesuutiaed Ine 191mailn CNN (Architecture of the Model Using CNN Technique)

of Is| |g| AT
AREARERE
AN
_________ ] I— SRR 3 1% |-
ADR Text EHEl 2
= = = =
JOO T e
Not ADR
Text Input ‘Word Embedding ConvliD GlobalMaxPooling Fully Connected Classification
200 Dims Kernel 5x 5 Dense Output 2 units
(2 Class)
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v Y
uuvudiaesnldmaiialassuielseanNounUURUIIANUIITLIZTU-81IADINANIL 1)
9 ~ . A 2 ) 9 [ A o Y ¥
IA33a5 19NN 3 (Figure 3) T3 ua1n¥U1E UG (Input) FUTDYANUA1NGID 32 f1 ATWAIBF
. o o o [ o Aana 4 o & I'4
Embedding 15zunanagadiiuiu 952 a1 waawssiuau 200 Ha eudasduiunnmesinnumiue
[ a ¥ . . =2 & 1 a Aa ] o
HANIADWY Bidirectional(LSTM(256)) Ha13]1 1A59918 LSTM HUVADINANIG NUUVUIA 256 1128 91
9 a 4 Y] 4 9 9}3’/ 9 9 2K o a 9 9
Tdemnsainnzianudunusvesdoya lananindgie livnuazanlidne Ssvvusunvesdoyala

H ' 9
P8 NATURIY Mz d S UNUAReINTHITANAMFeN Tesvosdoyalunnila AoA1u5u Dense

b4
% ]

1 d v [
YUIA 512 1128 Wi eUWINFU ‘ReLU’ ATUAIY Dropout 8A31 0.2 1182 Dense DAFUVUIA 512 111128
[ a g’; 1 J v o v o v J
W501 Dropout 8031 0.5 UAN18AI8FU Dense YA 2 11178 TWIAFY ‘softmax’ S1M5SVTWUAHATNS

o =& Y ' o 3 @ ° 7w a g
2 aa1d LL‘]J‘]JﬁHa@QQﬂI?Jﬂ@]’JEJ%’JEJ‘]J?TJHTWHT‘IGU’ENLHJTJ%TQ’EN ‘adam’ ﬁqwumiqtgmmﬂu

9
v A o

. a Y I
‘sparse_categorical crossentropy’ wazsziliunanie ‘accuracy’ 1uaayia

2NN 3 (Figure 3)

amifmenssuvesuvuiiaed lnelsinaiin Bi-LSTM (Architecture of the Model Using Bi-LSTM

Technique)
s N
Input  Hidden Layer Output
—
AR
ADR g |= g1 |8
- - |z |-del-1Z2 |-{2S
=1 =1
wh "O’ o -
o S = =]
Text = el B AR I e
° M L
° : :
o H
Text Input ‘Word Embeddin
) g Fully Connected Classification
200 Dims
- J Dense Output 2 units
Bi-LSTM Layer (2 Class)

256 units

g’; =S ) 9J a ] = o 1
nndudnaounudiasdlasldmaiialassiielssmmmesunuunou 1agru naz Tasavie
Y
Uszamnifennuuninennuiszezdu-s11a09iaAN 1N aeyatoyarndou (Training set) FUUATO
= . 9 9 A Aa A a
MsHnaeU (epochs=20, batch_size=20) uaﬂwmagamaau (Test set) wedszidulszansnin

UABZLUDDIADY

msdszdinuuudIans (Model Evaluation)

Ao dy = a A o A o Y a ) a o 9
Q"Iu’Jﬁ]EJLlL‘]J%EJ‘]JWIEJ‘]J‘]JiSﬁT‘VITJﬂ”IWLL”]J‘]Jil"lai’]\i‘i/lwwu"lﬂflﬂlﬂﬂuﬂﬂﬂ 7 INAUA Iﬂﬂuﬁgﬂﬂl@ﬂgjﬁ

AnliflnaeunuusiaswaznadeunuuiassdisyadoyanadeuienSouiisuanugnaoalunis

W (Training Accuracy) ﬂfl”liJQjﬂ@%}ﬂQGluﬂﬁ‘Vlﬂﬁﬂﬂ (Test Accuracy) marlumsadiuuusiana

19



Suranaree Journal of Social Science, (In press), e280979

(Training Runtime) 1381145 NATOVLULIIA0Y (Testing Runtime) A1ANMLBIUET (Precision) A15EAN

(Recall) 1taA1029Aa (Fl-score) AIAUNIIN 4-7

P ~ TP + TN 100 @)
CCUTACY = TP + TN + FP + FN)
TP
Precision = m X 100 (5)
TP
Recall = ———— % 100 6
e =P+ FN) ©)

2 X Precision X Recall
F1 — score = — (7)
recision + Recall

Taeh

a A

S { o [ ' a 13 a
True Positive (TP) ﬁﬁ) AINLUVIDINIUIYIN “933” uazﬁmgﬂu “9339”

v
a A o o 1

True Negative (TN) fio @anuuydiaoaiuiedn <lisse” uaziian «1uese”
L. A A A o o J S a1 Q) ra
False Positive (FP) i @4NuuUs1aea3iu1e31 <0397 uananilu «<liase

. A A A o [ ' v a =B a
False Negative (FN) 919 2aNLUUIDINIUIYIN “hlllﬁ]fN LLGHJ?HL“]JL! “993

4 o Y 1 | -] 1 a a 1 %‘ Y
Lm3Lﬁ@\?ﬁ]1ﬂi]'lu’J‘LHJ@N“aGL‘L!LWIﬁ$ﬂa'I’(?fhlllL“I/I'lﬂ‘LliNVﬂﬂ'lﬂ53ﬁ‘l/]‘ﬁﬂ'l‘WT@EJi'JiJLL‘]J“Uﬂ'Nu1Wuﬂ

(Weighted Average F1-Score) A4aUN13 8

N
Weighted Avg F1 Score = Z w; X F1 Score; ®)

i=1

Tagh N Ao 2 Gwauaaid) w, A Swaudoeyaluusazaard 7 uag F1 Score, fio 1

szansnn Ingsivveaunaznad i

NaNIANH

o o 9 ) 1 J [ a
NﬁﬂﬁWGMHTLLDU%Wﬁ@QﬁTWﬁUfﬂHL‘L!ﬂi’JTﬂ”Iillllﬁﬂﬂi%ﬁﬂﬂ%”lﬂﬂﬁcl%}fﬂ Tagnageunumain

]
ISR

a ] A a a Y a = vy 9 £
mmﬂugmaqmsm uazmﬂuﬂﬂmiﬂugmaﬂ uaz‘lwauammuﬂizmumsﬂszmawamagaumm

U

"y g 9 = L. ¥ ) ¥ o A
Ll,mﬁlmyjmﬂu%y‘aqmlﬂﬁﬂu (Tralmng set) 59902 70 meayaﬂ;ﬂﬂﬂﬁau (Test set) 5990 30 AU

[
o

I b4 ) =~ 14 4' a
Wﬁﬂ]?ﬂ]gﬂﬂlﬂfﬂlﬂTJTJJgﬂﬂéNGUENJWﬂ HANTIIYHI VDA TONUUUGNIAN

A15199 7 (Table 7) uauewansifFoufioun1ugnaod (Accuracy) VoMUV IA0INTHOUS

U

a

A a Y a = = 4 a S J 14 a ] 4
VBDAUATON 5 INAURA ul,@l,!ﬂ Lﬂﬂuﬂlﬂ1ﬁl‘ﬂfﬂuu1@7\llﬂﬂ MNAUARULUYILITIULIUDT INAUAGWNDIALINIADT

20



Suranaree Journal of Social Science, (In press), e280979

v o ~

a a a A a J @
LLN%%HL%QL’&IH malamMsoanes lavaan tazmadausuaouwelsaa Iﬂﬂﬁlcﬁﬂﬂ!aﬂ‘ﬂﬂlgﬂgﬂﬁﬂﬂﬁﬂﬂ

q

mAtAKIANDYeIM-dIunNauANNDveIENEITIHAT NATOUN DAY YaNTN1TA 1 UAAT A-gram

k)

range NuAnA19n Y 3 uny 18Un 1-gram, 2-gram, 11ag Both (1-gram 1z 2-gram) N135UsziliuA

9 ] I 1 A Y 9 =) .. Y
nABILUNeeNY 2 g9 Ao ﬂ'J'liJQﬂﬂ’éN‘UuG]nglﬂiJ“aFJﬂ (Training Accuracy) HAZAITUYNADIUUYA

Qéﬁ

2

031aNAT0Y (Testing Accuracy)

A ' B~ a o Y] = ' Aq Y1 Y A
ma@mmaﬂmamﬂmﬂmuuwaawmuﬂgﬂmamdﬂ WU n-gram ﬂiﬂﬂTﬂ?TNQﬂﬁ@ﬂgﬂgﬂﬂﬂ

U

A

a1 A4 Yy Ay R Ay
2-gram HAURAYAINYNADINGTDYAL 93.69 F04A9NIADNNT 1HNY 1-gram U9 2-gram (Both) N308ae
2~ Y a o A A "o o Ay A Aq Yo
93.31 “BQ?Jﬂ’JWiIGlﬂamfNﬂu aIU 1-gram Nﬂ?tﬂﬁﬂﬂ]?ﬂllﬂﬂﬂ?ﬁ"@fﬂﬂiﬁ)ﬂag 87.65 L'I/]ﬂ‘l!ﬂ‘l/]l‘ﬂﬂWﬂ’JﬁJ
9 = ~ = a =4 L [ 9 g’; =
Qﬂﬁﬁ]ﬂiuﬂ'ﬁﬁjﬂ’q\iﬂﬁ;ﬂﬂ@ L‘ﬂﬂuﬂlﬂluﬂilﬁﬁlulﬂ@ﬁﬁﬁllﬂﬁﬂ'lﬁ‘lﬂf“ﬂﬂ I-gram LY 2-gram (Both) WAN
H a 7o )
ﬂ')'lilgﬂ@aljﬂﬂi,j\?q@]ﬁ%}ﬁ]ﬂﬁg 98.09 i’EN'ﬁ\HJWﬁﬁ)ﬁﬂﬂuﬂlﬁuﬂﬁ)ﬂ‘l/\lﬁ]ljﬁﬁﬂﬂﬂ'lisl%ﬂﬂ I-gram L0 2-gram
1 1A 1 1 § a [ 4
(Both) flﬂ1ﬂ"ﬂl|@jﬂ¢9]}ﬂ\1®§jl°ﬁ%jﬁ]ﬂﬁ$ 97.54 mummﬁﬂmmuﬂmﬂuﬂuuwaawwuﬂm%’ay‘amﬂﬁau
1 ~ Y 9 = a - 9 g/J
WU n-gram Tlsl,ﬂﬂ'lﬂ’ﬂll@jﬂﬁﬂﬁq@q@ﬂﬂlﬂﬂuﬂlliuﬂ’ﬂuv\l@ﬁﬁﬁ ﬂﬂﬂ151°]51/]\1 I-gram QS 2-gram
S 9 d’S) A a ] 14 4 = a Y o
(Both) ummmgﬂmqqqqﬂmaﬂaz 84.64 393N UIABDINAUAGWNNDIALINIAD TUNBYULBIULTU NV

I A )

4 Aa v 1 a o @ o
2-gram ﬁ%}@ﬂag 83.59 Fﬂ’lﬂNa')i]EJWU'J’]LT]ﬂuﬂlliu@@NwalﬁﬁmiﬁlwaaWﬁ@ﬂq@ﬁWWjﬂ I-gram lia
9 9 9 ' a A = J 9 o o A
2-gram (Both) AIYANNYNABITBYAL 84.64 ﬁ?ulmﬂu@lﬂ']ﬁl“]fﬂuu']@V‘h‘Uﬂ ﬂﬂﬂqclﬂwaﬁWﬁ 11/]?1@11!
(Y 9 9 = Y v A [
ﬂTSﬂﬂﬁﬂUTﬂﬂLﬂWTgﬂU 1-gram (59802 46.09) ﬂ’]iﬂlfb' I-gram LIg 2-gram (Both) leiﬁWﬁﬁW'ﬁﬂﬂ'ﬂﬂ’]ﬁ

[ a o
1% 1-gram tfieaed1a@er Taammz lumslsnaliasuaeurlosad

a
?15190 7 (Table 7)
~ Y o 4 a ~ Y ~ a o
ﬂ75!1]?8/1]!Wflilﬂ?"l.ilgﬂ@@\?éll@\ﬂlﬂﬂﬂ”lﬁﬂ\?7@8]?W!Wﬂuﬂﬂ?i!iﬂug?]@ﬂﬂi@ﬂ SINAUATINAUNIT
ana aa ANYAUS 3 LYY (Accuracy Comparison of Models Using Five Machine Learning Techniques

Combined with Three Feature Extraction)

v
, ANNINABY (%)
a = v A U
NAUANIIBUIVOIUATON

(Accuracy (%)
(Machine Learning ”
msnnelu msnaasy
Techniques)
(Training) (Testing)
ngram_range 1-gram 2-gram Both 1-gram 2-gram Both
GaussianNB 64.65 83.56 85.01 46.09 50.52 60.16
K-Nearest Neighbors 97.98 96.87 98.09 82.29 82.03 82.29
LinearSVC 90.60 96.09 93.18 77.08 83.59 80.21
Logistic Regression 87.92 95.52 92.73 72.92 77.86 74.48
Random Forest 97.09 96.42 97.54 82.81 82.03 84.64
Aunde
87.65 93.69 93.31 72.24 75.21 76.35
(Average)

21



Suranaree Journal of Social Science, (In press), e280979

{ o . . Y
@H'H"N‘ﬁ 8 (Table 8) uﬁmnaﬂumﬁﬂizmaNmm‘umam (Testing Runtime) ﬂﬁgfﬁl@lﬂ‘ﬂ
a FY 1 a d = 4 a =4 4 a o 4 4
madna 5 UYsznn llﬂll,ﬂ mAdAN@FeULIYILE IMANAANESIT A IUUT INAUAFNNDTAINADS
a a A A a 4 ] o I 1
LLN%%HL%QL&IH WIﬂUﬂﬂ'l'iﬂﬂﬂfJ‘c’JIﬁﬂﬁﬂﬂ tazmatausunauosaa Iﬂﬂ!tﬂﬂﬂWi')ﬂWﬁlﬂuﬁﬂﬂﬁﬂu
A9 = Y [ 1 A 1 o A
ﬂﬂﬂl@uﬁaﬁﬂﬁﬂu Hagvayanaaol Iﬂfﬂ’lﬂﬁ@‘ﬂﬂ‘ﬂﬂW ngram_range NUANANNY 3 g‘]JL!‘U‘Uﬂ@ I-gram, 2-
[ = o 9 a [ 4 4 =
gram, (8¢ Both (1-gram L8 2-gram) WTJ'NGh!ﬂTiFJﬂLLUiJ%Tﬁf’)\ﬂﬂﬂi‘]ﬂ‘ﬂﬂuﬂ“ﬁ‘ww@ﬁﬂnﬂl@‘]@ﬁlm”ﬁgﬁu
a 9 a a a A A3 A Y
LB U t!ﬂ%!ﬂﬂuﬂﬂ1iﬂﬂﬂ@ﬂiﬂﬁ]ﬁﬁﬂ 3JL'JE‘11ﬂ15°]J5$3J’JE‘]NﬁVIL§"JT]?qfﬂ Iﬂﬂi“ﬁ!ﬂa1ﬂi$u1m 18-35
a aa ~ a Jd A = Jq 9 d? ' A v o W A
UAAIUIN L‘ﬂﬂuﬂlﬂ'lﬁl“ﬁﬂuu'l@‘w&ﬂEli‘lfl?ﬁ?ll'lﬂ"’l]u@ﬂ'lﬂﬂuElﬁ'lﬂﬂul Tﬂ&lmwwmaﬂizmawagﬂgmu
9 a aa a a a J Jq 9
Both (1-gram 181 2-gram) GL“])'L’JﬂWﬂigiﬂiLl 1,491 ¥aa3uUIN dIUNAUARAIUYTLITTIUIUDT 1"]51,7]@‘11(11““5
Uszuranangaige Taomwiziliel431uuy Both (1-gram 1ag 2-gram) T91aa11 52019 13,596
a Aaa o a Y 4 4 a a
uamm“ﬁ ﬂ'li‘ﬂﬂﬁﬁ]lll,!,ll‘ﬂf‘l]'la'ENIﬂEJGI)‘]?IW]ﬂuﬂ"H‘WW@ﬁﬁﬂﬂlﬁ]@ﬂlﬂ%%ul"]ﬂl%u UAagINaAUANIg
a A o = Aa A A [ A 9 Aa ana =
ﬂﬂﬂﬂﬂiaﬂﬁ@ﬂ EJ\‘lﬂ\HJTJﬁZﬁVITJﬂ']W@T]q@ﬂ‘]J:.ji“]J!,l,llll I-gram ¥13® 2-gram Gl%L'JaT]JﬁZﬂJ’Iﬂ! 4-5 YaadIUumn
T A 9 o A 49! I a aa =1 a A
LLG]L?J@i“])’ﬂ“UE‘]JLL‘]J‘]J Both (1-gram LUag 2-gram) L'JaWﬂ’liﬂﬂﬁE]‘]JLWiJ"UUHJu 7-9 A IUIN INAUARNLUYT
I A P~ ~ = 4 Yo
ITEUeT N!Uﬁ'lﬂ'lﬁﬂﬂﬁﬂﬂﬂgﬂﬂ’q@iunﬂﬂim IﬂﬂLﬂW1$LM@1TﬂU§ﬂLLUU Both (l-gram Iag 2-gram)

a

an a 4 o 1
l4#a115218 6,973 Haadini mslFmatamddeuundviug Tnanmsnageunaeutiea Tda
Aa aa 1 a 4 { 1 a @ 4
sz 12-36 Haadu1n drumatiausuaouolsad N11a1N1INAUNGINIUNAUATHNOIA
14 ~ a 9 a a A a d 2 S 4 "o Y 1 a
NAWOTLNFTFUTY mAlaMIoanes lavdan uazmalamadgseuuaniug uadiiosniunaiiam

14 4 4 A Aana
dlesisaues Tasmwizidiol931uny Both (1-gram 118 2-gram) Tagldnalszanm 423 Haaiui

M5197 8 (Table 8)
msafseudisunar lumsissusanavewuusiaes InelgmatianisiFeuiveunsod s maiasuny
n 7§ﬁﬁﬂ@mﬁ/ﬂym3 3 HUY (Runtime Comparison of Models Using Five Machine Learning Techniques

Combined with Three Feature Extraction)

nalumsdszaiana (Haalini)

mﬂﬁﬂﬂﬁ!%ﬂu:ﬁ:ﬂlﬂ&!ﬂ%ﬂ& (Runtime (Milliseconds))
(Machine Learning Techniques) M3elnely mMInaaoay
(Training) (Testing)
A v,
madime Nl iviua
.. 1-gram 2-gram Both 1-gram 2-gram Both
YIATRINGNA (ngram_range)

GaussianNB 43 513 1,491 13 21 36
K-Nearest Neighbors 3,090 9,595 13,596 1,242 3,629 6,973
LinearSVC 19 23 35 4 6 7
Logistic Regression 18 23 33 4 6 10
Random Forest 1,112 2,338 3,334 23 42 423

ANRde (Average) 856 2,598 3,698 257 741 1,490

22



Suranaree Journal of Social Science, (In press), e280979

= k4 a = Y a K

wamanfSeumeuanugnieaveanatinmaBeuipaan

HANSNALILUDT1aeaemaiin laseteldszamitsunuunenTigdu nazInseie

9 v v
Uszamiflenuuuntiienui1szordU-0128090AN1 LAAIAIAIT19A 9 (Table 9) nuuTIaDIN1H
matinlasaviglssamisuuuunouTigru Tszaninaingandnlassvislszarmnenuyy
] o g’; a g’; =< Y 9 =< 9 a ] ~
HUBANUTIT o TU-1ITRINANI NIMsHnaeudledoyarn mslamaialaseielssarmnmey
3 s Yy A q9 9 = v ) y
uuvuneu g wuntanugndeule lsyadeyarnruiesay 98 nazanugndesluyateyanaden
9 1]
Sovaz 83 daumaiialaseiiedszamifiounuuniteanuiszerdu-o1adeefian1e ANugnAoaie
4
Tyadoyainduiosas 98 nazanugndeslugadeyanadoviosas 82 uonainil Usz@nsamau
a 1 = o v A ' g}/ =)
nanlszuanaveunaiia lnssislssarmifisnununeu lagdu §annInsHnuaznmsnade
o 9 2 a aa s A [ a aa = a 1
puutaed Taglanarlunsiln 641,214 Haadui ey 1,548,725 Haaduinveunaila Iasaig
v

Uszanniiiounnumitennusiszezdu-s1idesianie uas 149namaden 13,097 Jad 11 feuiy

v
28,064 Haaunnvee InssuelseamMMentuUHUIeA NI oL T U-81IT0INAN T UASINY

M5197 9 (Table 9)
=] ~ [ o o 9 a =l Y a =
msafsemiieuanuunudmagszegainsiuved luaa lag 1 mananisiGeuiiyaan

(Comparison of Accuracy and Runtime of Models Using Deep Learning Techniques)

ANYNADBY (%) nalumsiszanawa (iaauni)
mﬂﬁﬂmiﬁﬁm% TALH) (Accuracy (%)) (Runtime (Milliseconds))
(Deep Learning Techniques) Msrnau MInaaay Mselnely MInaaou
(Training) (Testing) (Training) (Testing)
CNN 98.10 82.55 641,214 13,097
Bi-LSTM 97.65 81.77 1,548,725 28,064

wamsfseuneulszans Mwus UNANANIIUUNUTENN 7 MAla 1agNi1TU191NAINIY

) ' o ~ ' a s
LN ﬂ’ﬂiﬁzﬁﬂ LIAZAID NAA Uu%ﬂ"ﬁ%]uﬂaﬂﬂﬁ@ﬂ AT NN 10 (Table 10) WU’JWL“I/]ﬂuﬂLL‘iuﬂEJiJWEJLi’cTGI

q Q

(Both) Glﬁ’ﬂn?m%mwﬁﬁqﬁluﬁ'mmmuﬂu& Aatlufovay 82.58 muade masinminanosladadn
(Both) 1¥00az 81.93 LazmATnFHND S ANMAD I LT WTUEY (Both) Tizovay 80.72
Tudruvesmanuszan maiausuaouosad (Both) 5@ﬂd1ﬁmﬁﬁWﬁQﬂﬁﬂﬁ 84.64 399891170
maiialasaielsyamiouwunou Tgdu Sesay 82.55 uazmaiiamitiodissumes (Both) Yovaz 82.29
iWefinnsanminlinaseninmanuuugazanuszdn nu maiausuaoulesad
(Both) ETqmﬁﬂizf?m%quaq@ﬁ%’aaaz 83.15 aume Inseielszamifieunuunou Tigdu Seoay

9
81.40 traz Ins9velse @ mMNeNuUUHUIIANNTITLOL T U-81IFOINANI %jf]ﬁlﬁg 81.10 MNAIAY

23



Suranaree Journal of Social Science, (In press), e280979

g Y 1 a 4 =\ a A
HanInaaer InruIumalausuaeNesad (Both) Nanuaugauazilszansninlags iy
{ { ° 3 { a J J a A o
nangalumsswundszinndoyagail luvazimaiamdiGouudviug Both) Tndszaniame
=\
il

[ E4
galunndiyia

M131971 10 (Table 10)
mafFeuiiousnuuaug AUTEan uazA 18 NYAUUYATOYaANATOUA Y 7 1NATIA (Comparison

of Accuracy, Recall, and F1-Score on the Test Dataset Using Seven Techniques)

man AU (%) ANNIZAN (%) 93990
(Techniques) (Precision (%)) (Recall (%)) (F1-score (%))
GaussianNB (Both) 74.58 60.16 65.20
K-Nearest Neighbors (Both) 75.32 82.29 77.31
LinearSVC (Both) 80.72 80.21 80.46
Logistic Regression (Both) 81.93 74.48 77.07
Random Forest (Both) 82.58 84.64 83.15
CNN 80.29 82.55 81.40
Bi-LSTM 80.44 81.77 81.10

= Aa A o A ’q ¥ a ~ 1 o an
ﬂ"lil‘].ﬁﬂ‘ﬂLVIEJ‘]J‘]Jigﬁ‘VI’ﬁﬂTWLL‘UU%Tﬁﬂﬁﬂﬂ3$Qﬂﬁ1%LﬂﬂUﬂ 7 uuuiuana1eny lulianw

9 = [ 4

o ~ . = Y I ' o A o 9 a 4
NADINHNAANDTAININN 4 (Figure 4) "If\‘lllﬁﬂ\i1ﬂlﬁu31llﬂﬂﬂ']ﬁf’NVIWWU'I@'J?JLVIﬂuﬂLLﬁu@@ﬂJV\Iﬂliﬁﬂ

D

v ~ a ° Aay A . v <
f’]’ni]gﬂﬂ@\jgﬂ'ﬂq@ U’ﬁgNaﬂ'ﬁllﬁEJULVIﬂUllUUﬂqaa\iiuu@ﬂ']ul’Ja'] NN 5 (Flgure 5) l!ﬁﬂ\‘]i‘ﬁl‘ﬂu

20

N HUUT0INWAUIAIVNANATNND T AINADS LUFTFUTUTY uazmalinnioaossladann U

] aa
ﬂ’ﬂmi’ﬂuﬂﬁﬂiﬁfmﬂﬁﬂﬂfjﬂ

M 4 (Figure 4)

v .
manfSeumeunugnABa (Accuracy Comparison)
Accuracy comparison (%)
98.09 96.09 95.52 97.54 98.10 97.65

85.01 83.59 84.64 82.55 81.77

100.00

0
*
=

=l

80.00

60.16

60.00

40.00

20.00

0.00

w
=
©n
2

GaussianNB K Nearest Neighbors LinearSVC Logistic Regression Random Forest
(Both) (Both) (2 grams) (2 grams) (Both)

M Training Accuracy %2 Testing Accuracy

24



Suranaree Journal of Social Science, (In press), e280979

MW 5 (Figure 5) M3sfsoufieunarlunmsydszuiana (Runtime Comparison)

Average runtime comparison (Milliseconds)

1,548,725
1,600,000

1,400,000
1,200,000

1,000,000

800,000 641,214
600,000
400,000 28,064
200,000 1491 3¢ 13,596 ¢ o1 23 6 23 6 333 43 13,097

0 S L ks

GaussianNB K Nearest LinearSVC Logistic Random Forest CNN BiLSTM
(Both) Neighbors (2 grams) Regression (Both)
(Both) (2 grams)

[ Training Runtime % Testing Runtime

anlsnewanazaginamsiIve

4
S o o 4

o [ o ] 4 9) a

ﬂ1iﬁﬂﬂ1uuﬁwwu1llﬂﬂiﬂﬁ’E]\‘Iﬁ'lﬁi‘]Jfl]'l!,!,uﬂ@'lﬂ15hlllﬁ\1ﬂ5$’ﬁ\iﬂfl]'lﬂﬂ'licl"]ﬁﬂ Iﬂﬂ'uﬂi'lgﬂ
9 ~ ad a s [l 9 o =
Guazgljamm’JG]ﬁmeJuamﬂwiauﬂﬁwagﬂlugﬂuuumemmmy1"|,1/1&Jﬂummmﬂmg WNANIIANH LA

1 ' Jq ¥ a ~ Y 4 9 a =K an A o

Gl‘ﬂﬂ"iu’l'l ﬂ'l‘i‘lJ§'$Qﬂ@]iﬂ)’!ﬂﬂuﬂﬂ'ﬁﬁﬂugﬂlﬂ\‘iLﬂ%fN!Lﬁ$ﬂ15Gﬂu§l%QaﬂWﬁ'lEI'J‘ﬁiJﬁﬂEJﬂ'lWi;;f\ﬂuﬂ'li
a L4 o 1R J 9 9 o dy .
’Jl,ﬂi13’Villﬁ3%'ll,!flﬂlﬂ‘i'lENTLJ'E]1ﬂ'l§U13JW\1‘]J‘i$ﬁQﬂ%'lﬂﬂ1icl°b'El'l MIFIWNUUUIIADINWUIIU (Baseline

Y 4 v
Model) Tuaideasatiniuliansadanulddheuazlsuldldazain munzausudeyadeanuni

o 9y ] a g 9 1 a ~ Y A
udesuazanue1d luuin Taenageumaiiang 7 juuuy ldun matiansiseuiveunsos s
Y a = = 4 a =4 4 a ] 4 4 ~ a 9
uuy laun matamddeuundiud mailamiiesisavues matadunesannmesuursduradu
a a A a 4 = =\ Y a K Y J a
matianisnanes laddan uazmalausuaeuosdd saudeamsizoudidean 2 uun ldun maia
1 = Q'J L} =\ 1 [ gj
TnssinelszamionnuuneuTigru vaz IasevislssanioununilonNuiIssordu-o17
a Aa v U 4 a d o Y] [ a 1
A09AN1 wamsIvenud e ldmalausuasuosaanumsaianuanyugA1eNALAKIAILD
f-ANUDBATITHARY (TE-IDF) 393381 UN15 19 ngram range 1411 Both (1-gram 1A% 2-gram) 14171
ANUYNADIGINGA Fouaz 84.6 AU Souaz 82.6 AWTZAN FoUaT 84.6 1AzAINRA5 DY
3 1 Aa 1 o o o a
az 832 naadliiiuIInsnasaga (2-gram) Hianwdiaglumssuanunneuaz uSunves
4 x @ awv { 1
ENANTNNMIUNNINIET Ine FeaoandeaduIUITeVeS UNULATAMUE (Tan et al., 2022) ANV
a < 3 & A Aa a A @ @ v v [y
matausuaeuasaailuriitlumatinnllszansamgalumstuanuduiussenineiueinis

1R 4 ] < a dyd 1 & 4
"l‘JJ‘WQ‘]JSSENﬂ E’JEJN"liﬂ@]”Ill WanN1IIYUNANULANATNITINITUVDY JUasAe (Wu et al., 2022) “]N]lﬂ

Usziliumatianisizouiveunios 18 uuy Tasnuuuuiiaesdilsz@niamgegaldmaiinnis

25



Suranaree Journal of Social Science, (In press), e280979

° q 91 = 9 ' Y v & o~ A
3IUUVVI1A04 (Ensemble) N1 1MA1 AUC gadiiosas 91.4 1agAInNYNADITONAT 89.4 HANMALIA
a A a o ] 1 A A EX = 1 ~
minnaneylavadn uazmalausuaeuvlerad edlunguimadanlylumsany uanisnadeuiiies
a a & 1 Y a A aa 1 dy A [ 9 axt
matalamatianiia i@ dlss@nsamange anuuananiiiiesunandnyazvesyadeya 35ms
Uszanana msdenqudnyus uazvsunveamunldlunsadwunusiaes Tasmmzediaas
aw dy ] 9 a 4 ~ (% 2~ v 9 Y Y
nuAdsijaiumInzRnssadieunu Ineunudangy Fealianududeudlaseailuay
MIAANUNINANNIHIBINOHINI0E191AE?
A A a A a ~ Y a <R a o dy 1 o ~ 9 a
e alszanimwveunatiansFeugigaan luauIsel wudwnusiasenlgmaiin
TaseeszanniionnuuneuTagdu Haanugndesiesas 82.6 AAuming Sosaz 80.3 AW
sz@in Sovaz 82.6 LazA1n99asooaz 81.4 Faganiunatalnsaielszamifieunuuriiienus
3 a Ay v Yy v ' "o W = v
FrezdU-e1d0NAN 1IN IdA1nugndes Sosaz 81.8 AANuuiL Sovaz 80.4 ANwIEAn Sovaz
(R 9 Y < 1 9 [l = @
81.8 LazA1n29Qadosas 81.1 uaaslmiiuiilaseainaveslasevisdssaminenuuuasu 1agru

@ v 9 9 [ 2 Y =~ a A ' 2
ﬁ?ﬂ?ﬁﬂﬁ]ﬂﬂ'ﬁﬂ'i_lle’OiJﬁle’Oﬂ’J'liJsl,‘L!aﬂielm$ell@\°lﬁilluﬁ'luul@’Oﬂ'l\“liJ“lJﬁ$ﬁ‘1/]‘ﬁﬂ1W3J'lﬂﬂ’N HUHINITNU

U

! 9y o Aq ¥ ' ~ T o Y A o =
mﬂ’ngﬂﬁmﬂJmmeﬂaﬂﬂﬂclaﬂﬂﬂﬂﬂﬂﬂizﬁiﬂmme!,‘]J‘]JﬂE]uT’JQGHu SQSLﬂalﬂﬂQﬂﬂwaﬂqiﬁﬂHT

{ o a A g9 . @ 9 ] 1 Y
ﬁuuﬁuamauamnwmayaLm‘u self-attention ua$mimm‘§ﬂmummmg‘a"1uau@a ’s’f\iWﬁsl,Wﬂ'lﬂ’J'liJ

v Y
gnAed MuAudeszuniosay 80 (Ishikawa et al., 2022)

9 w 9

< a A : I aa o

Usziandszaniamarunarlunisiseutana (Time Efficiency) Fuiluliaddydmsu
o 79 Y a Aaa 1 a [ 4 4 =~ a 9 a
mah lddszgnaldasaniendin nudumaiiagwnesannmosuusFudady uazmalinn1soanoy
TavadAntidszansamgega lnar1lumsidszuanariios 18-35 Jaaiuidmsumsindu uaz 4-9
a Aaa A o [ d‘ a ~ Y a K 1 a [} =
NagnnndmsumInadey luvaznmaianisiouisaansdiunaila lasavielszainmeuny
' Y

aouTigHu uag Inssiedssamionnuurileanuiiszez du-sndesianildnaminnivate

1 9 v Y o Aw A1 A 1 =} Y a K 9 Yy o =
M1 AeARARINUYDFUNA TUNUITENHIUL NIzYNNMIFToUTIFIaNAlFNTNeINTHAZNAIFIF

A g

iindunulumsisenaznisiin 11491 (Ahmad et al., 2022; Dongre et al., 2023; Nithinsha et al., 2023)

v
[ Y =)

a { ) [ o Y] 4 1 Y a
aariu my@enmataimingaudmisunmai llwennszuuiedosen 1adeaninsaanuauga
' < 1o < ady A o
seninszananumiuduazanuiilumsiszuiana Taslunsaindesnisszuunhaunny
~ 4 9 a o J J =~ a 9 I v A P~ ' 9 IS
Foalnd msldmatindwnesanmmesunadusudusiniudndonivinizaundi udzliang
1o Ao =)
windndininaniioy
] < 29 o v 9 a Aq Y a o ¥ dy Y 1 9 a A o =
pghelsnany Hdedinamumaiianldluanuisenseil Taun myldmatinmanudm-anud
Y o a a v o J ' o @ ' @ .
AAISHNAY (TF-IDF) Tumsduanumnasansunuazanuduniussenined 1ada1ifin aa
a v a o & ' A 9y ° 5 3
aunsonosanlfmatianisdamiiuge 1y Word2Vee, Glove Wia ldunusiassniwiduiogllu
[] A = [ a A o Y A 49!
A320@ Transformer 151 BERT %30 XLM-R ¥40191/5013901)5z@nFnmaownusiaes 1dnaedu
Tagmwiznudoyaniu Inedlianududoudiulassadraazanuruie mudorduonus

£4
UVDIINUIVYUDIVDN Rawat et al. (2022) L4101 Nafea et al. (2024) UONINUIINU I NTZUIUMITNTAAM

'
A o 4

Y a v a 4 { g’/ [
ﬂ"l’]elfl‘VIEJENﬁﬂ’ﬂiJNﬂWﬁTﬂ LBU slgl}ﬂﬂfl"lllVlllﬂWVIWIﬂ‘IJﬂTINﬂ1§LLWTIEJLLﬁ$ ﬁﬁ‘ﬂﬂﬂﬂﬁ"l@ﬁﬂf]‘]&l‘ﬂu

26



Suranaree Journal of Social Science, (In press), e280979

o q¥ _a ¢ A o 1= ¢ Y o v 1 '
M Ing i linmsmssiiedwuneins lunalsgasaninms Ignlinnugndesanasdwanonis
Y a a o a & o @ ] o 9 o Y A o da &
Jalsz@nimmveauusiass dnnwuuiiaed isessudeyaiuirindumnaananiv lnauag
o ' ' ~ | 9
MYIBINGY 15U “¢” “pluse” “ATHL” 1TuAY
ForduenuzmMINAINITYIueUIAA AITHAUIUUTIA0IAINNATANTTINLUUTI0N
{ < a 1 Y 1 a
(Ensemble) 15713009990 uMAlina19 9 19182804 019 1Fmsnaunaiusznunaiinusuasy
s A ] ) o a a A a Y 4 4 a
Worsad Aauuiudigeiumaianisoanoslavaan uazmatagunesannaosuusdusudu
Aa < 1 ) y v o @ & 1 = ¢
s lumsilszuranage wvenvniilumsaduazdliulendsdidniionns il sead
. Y o A Y = A Y =
(ADR Lexicon) Tiaseunguimninnummneaaienuuazgluuumsaznaivainyals iouniayyiin
a Yo 1 o v o J o a X Y Y =~ =2 Y
aa1nms lgdde v nazmaznaia Fanuldtesludeyanwszibou srudennuime
o o X . AN 1A ] ' ° Yo o P
YOINIAAR N INY (Tokenization Errors) 1 liilimsiuassaszrndnedazms Igdnnnianmsunng
4
MWIZN19 (Domain-specific terms) Ty unarierviilduundrassdnnuiauazinnuuiudianas
v & @ v o 9 o A A 9 9 "o 9
Ay M3dFulgeszuudam MIaiuuuiaeem¥INGEeugINTIYaa0INIEI AIVANUNT 1Y
MANARIAIUHUIBIFIVTUNANUA N 15U Pre-trained Transformers 3¢ 381N U sz AT
vouuiaedla amsuddymdesinalunissuunngu Non-ADR duilosuninanu liaugaves
v
gavoyanIe3s 019 SMOTE tagnsai1edoyaiasy (Data augmentation) BNNI AITHAILILLUTIAOY
4 4 [ a [
MEIMUMIUUNGRNIZN1E1 Ine tiesessudoyaiFe@nananguamuazindsnssu Tasas
A 9J a Y g’/ a 9 (=} 9 1 1
ivuiaveddeyalasdinsizrdoyanurelassadauas Tl Tasaadng anunasai o
] = ad a 4 1R 4 Y A 1
U VrIzieudlannietindralsTsane1ia 189101015 Wiz aed nagdeyannnies
o ¢ A g ° A ° q I Y Y
danueeonlal ieaiuuuiiaesnlinnuaseuaquuazannsni liszgnaldldedianeuns
o Y o o 9 [ A A A 9
mldensathuuuiiaes ) ldnusvenguounseTsanenasula
= av dy Yy a3l KX o G ¥ a = 9 A d a
maAnyITeHLaalnmuddnenmlumslszgnalgmaiinnisisouiveunseauuaua
A ~ Yya =2 A ° 'R s 9 v a
uazmaiansGeudizaanmenissuwuneins inalssasaninnislder vindoyanvszidon
ad a J o o 4 o
srannselindny Ine namsauuuuiassansaren Tosnuu Touremudaisisuguuazns
a oA aa 4 o (% Il J A a A
Uguanuaatdmieimuszuuihsziieims luisdszasdanmsldentidseansnm Tasmwz
A 3 o ] J A 1T o
Tudumamuanusasi lumssuuntazsisnueims luislseasn mamuanuuivd luns
A3299U01IN5 N 199NN HazgmsanmszauvesyaaInsasIsuguldaiunsagudumsqua
9 Y dal 79 9 a v dy Y Y 4 o
Athelaunan msdszgnaldauiseiizeandosnuuuinisvesesaniseuisis lanuazuloue
aa o A @ 1 <3| 9| @ @
as1suguatiaveslszmalne iowanassoailuszuuiiszdannuilasansyecen

Tuszaulszmantlszansmmuazmunzauduusun lneas 11

27



Suranaree Journal of Social Science, (In press), e280979

Author Contributions

SK: Conceptualization, Methodology, Data collection, Data analysis, Original draft preparation,
Review and editing. AW: Data analysis consulting, Review and editing. TA: Validation, Funding
Acquisition, Review and editing. JA: Conceptualization, Data analysis consulting, Validation,
Supervision, Original draft preparation, Review and editing.

Declaration of the Use of Generative Al

During the preparation of this manuscript, the authors used Gemini 3 to assist with language
editing and polishing of the draft. The tool was used solely to improve clarity, grammar, and
overall readability. The authors reviewed and revised the output as necessary and take full
responsibility for the content of the manuscript.

Ethics

This study received ethical approval from the Human Research Ethics Committee of Suranaree
University of Technology (Project Code: EC-67-0227; COA No. 210/2567). The approval
certificate was issued on January 8, 2025. All procedures followed relevant ethical guidelines.
The requirement for informed consent was waived by the ethics committee because this study
used retrospective data collection.

Funding None

References

Ahmad, F., Abbasi, A., Kitchens, B., Adjeroh, D., & Zeng, D. (2020). Deep learning for adverse
event detection from web search. IEEE Transactions on Knowledge and Data
Engineering, 34(6), 2681-2695. https://doi.org/10.1109/TKDE.2020.3017786

Alomar, M. J. (2014). Factors affecting the development of adverse drug reactions. Saudi
pharmaceutical journal, 22(2), 83-94. https://doi.org/10.1016/|.jsps.2013.02.003

Chaichulee, S., Promchai, C., Kaewkomon, T., Kongkamol, C., Ingviya, T., & Sangsupawanich,
P. (2022). Multi-label classification of symptom terms from free-text bilingual adverse drug
reaction reports using natural language processing. PLoS One, 17(8), e0270595.
https://doi.org/10.1371/journal.pone.0270595

Dongre, S., & Agrawal, J. (2023). Deep-Learning-Based Drug Recommendation and ADR
Detection Healthcare Model on Social Media. IEEE Transactions on Computational Social
Systems, 10(4), 1791-1799. https://doi.org/10.1109/TCSS.2022.3231701

Guo, K., Feng, Z., Chen, S., Yan, Z., Jiao, Z., & Feng, D. (2022). Safety Profile of Antipsychotic
Drugs: Analysis Based on a Provincial Spontaneous Reporting Systems Database. Frontiers
in Pharmacology, 13, 848472. https://doi.org/10.3389/fphar.2022.848472

Igbal, E. (2021). Investigating adverse effects of psychiatric drugs through data-mining of
electronic health records [Doctoral dissertation]. King’s College London.

Ishikawa, T., Yakoh, T., & Urushihara, H. (2022). An NLP-inspired data augmentation method for
adverse event prediction using an imbalanced healthcare dataset. IEEE Access, 10, 81166-
81176. https://doi.org/10.1109/ACCESS.2022.3195212

28


https://doi.org/10.1109/TKDE.2020.3017786
https://doi.org/10.1016/j.jsps.2013.02.003
https://doi.org/10.1371/journal.pone.0270595
https://doi.org/10.1109/TCSS.2022.3231701
https://doi.org/10.3389/fphar.2022.848472
https://doi.org/10.1109/ACCESS.2022.3195212

Suranaree Journal of Social Science, (In press), e280979

Kobua, S., Wongkoblap, A., Angskun, T., & Angskun, J. (2025). A Model for Analyzing the Severity
Level of Adverse Drug Reactions using Machine Learning. Journal of Science and
Technology Mahasarakham University, 44(1), 59-71. (In Thai)

Kunakorntham, P., Pattanaprateep, O., Dejthevaporn, C., Thammasudijarit, R., & Thakkinstian,
A. (2022). Detection of statin-induced rhabdomyolysis and muscular related adverse events
through data mining technique. BMC Medical Informatics and Decision Making, 22(1), 233.
https://doi.org/10.1186/s12911-022-01978-4

McMaster, C., Chan, J., Liew, D. F., Su, E., Frauman, A. G., Chapman, W. W., & Pires, D. E.
(2023). Developing a deep learning natural language processing algorithm for automated
reporting of adverse drug reactions. Journal of biomedical informatics, 137104265.
https://doi.org/10.1016/|.jbi.2022.104265

Nafea, A. A., Omar, N., & Al-gfail, Z. M. (2024). Artificial neural network and latent semantic
analysis for adverse drug reaction detection. Baghdad Science Journal, 21(1), 19.
https://doi.org/10.21123/bsj.2023.7988

Naranjo, C. A., Busto, U., Sellers, E. M., Sandor, P., Ruiz, |., Roberts, E. A,, ... & Greenblatt, D. J.
(1981). A method for estimating the probability of adverse drug reactions. Clinical
Pharmacology & Therapeutics, 30(2), 239-245. https://doi.org/10.1038/clpt.1981.154

Nishioka, S., Watanabe, T., Asano, M., Yamamoto, T., Kawakami, K., Yada, S., Aramaki, E.,

Yajima, H., Kizaki, H., & Hori, S. (2022). Identification of hand-foot syndrome from cancer
patients' blog posts: BERT-based deep-learning approach to detect potential adverse drug
reaction symptoms. PloS one, 17(5), e0267901.
https://doi.org/10.1371/journal.pone.0267901

Nithinsha, S., & Anusuya, S. (2023). Robust Adverse Drug Reaction Prediction and
Classification by Employing Deer Hunting Optimization Driven Deep Learning Approach.

International Journal of Electrical and Electronics Engineering, 10(5), 48-59.
https://doi.org/10.14445/23488379/1JEEE-V10I5P105

Phianthai, B., & Vetchakun-anukun, K. (2020). The Association between Potential Factors and
Seriousness Level of Adverse Drug Reactions (ADRs) at King Narai Hospital: a cross-sectional
study. Journal of Health and Environmental Education, 5(2), 134-146. (In Thai)

Rawat, A., Wani, M. A, ElAffendi, M., Imran, A. S., Kastrati, Z., & Daudpota, S. M. (2022). Drug
adverse event detection using text-based convolutional neural networks (TextCNN)
technique. Electronics, 11(20), 3336. https://doi.org/10.3390/electronics11203336

Roosan, D., Law, A. V., Roosan, M. R., & Li, Y. (2022). Artificial Intelligent Context-Aware
Machine-Learning Tool to Detect Adverse Drug Events from Social Media Platforms. Journal
of medical toxicology: official journal of the American College of Medical Toxicology, 18(4),
311-320. https://doi.org/10.1007/s13181-022-00906-2

Sisay, T., & Wami, R. (2021). Adverse drug reactions among major depressive disorders:
patterns by age and gender. Heliyon, 7(12), e08655.
https://doi.org/10.1016/j.heliyon.2021.e08655

Songsiriphan, R. (2018). Factors Related to a Severity Level of Adverse Drug Reactions (ADRs). The
Southern College Network Journal of Nursing and Public Health, 5(2), 46-56. (In Thai)

Spandana, S., & Prakash, R. V. (2024). Multiple features-based adverse drug reaction detection
from social media using deep convolutional neural networks (DCNN). Multimedia Tools and
Applications, 83(26), 67779-67793. https://doi.org/10.1007/s11042-024-18144-9

29


https://doi.org/10.1186/s12911-022-01978-4
https://doi.org/10.1016/j.jbi.2022.104265
https://doi.org/10.21123/bsj.2023.7988
https://doi.org/10.1038/clpt.1981.154
https://doi.org/10.1371/journal.pone.0267901
https://doi.org/10.14445/23488379/IJEEE-V10I5P105
https://doi.org/10.3390/electronics11203336
https://doi.org/10.1007/s13181-022-00906-2
https://doi.org/10.1016/j.heliyon.2021.e08655
https://doi.org/10.1007/s11042-024-18144-9

Suranaree Journal of Social Science, (In press), e280979

Suwankesawong, W., Sriphiromya, P., Tragulpiankit, P., Phetcharat, C., & Sornsrivichai, V.
(2016). Evaluation of Thai algorithm usage for adverse drug reaction monitoring. Journal of
Health Science of Thailand, 25(4), 673-682. (In Thai)

Tan,H. X., Teo, C.H. D., Ang, P.S., Loke, W. P. C., Tham, M. Y., Tan, S. H., ... & Dorajoo, S. R.
(2022). Combining machine learning with a rule-based algorithm to detect and identify
related entities of documented adverse drug reactions on hospital discharge
summaries. Drug safety, 45(8), 853-862. https://doi.org/10.1007/s40264-022-01196-x

Tiamkaew, K. (2014). Guidelines for dental treatment of psychiatric patients (2nd ed., 1st
printing). Srithanya Hospital, Ministry of Public Health. (In Thai)

World Health Organization. (2021). The global patient safety action plan 2021-2030. Towards
eliminating avoidable harm in health care.

Wu, X. W., Zhang, J. Y., Chang, H., Song, X. W., Wen, Y. L., Long, E. W., & Tong, R. S. (2022).
Develop an ADR prediction system of Chinese herbal injections containing Panax
notoginseng saponin: a nested case—control study using machine learning. BMJ
Open, 12(9), e061457. https://doi.org/10.1136/bmjopen-2022-061457

Zitu, M. M., Zhang, S., Owen, D. H., Chiang, C., & Li, L. (2023). Generalizability of machine
learning methods in detecting adverse drug events from clinical narratives in electronic
medical records. Frontiers in pharmacology, 14, 1218679.
https://doi.org/10.3389/fphar.2023.1218679

30


https://doi.org/10.1007/s40264-022-01196-x
https://doi.org/10.1136/bmjopen-2022-061457
https://doi.org/10.3389/fphar.2023.1218679

