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# # 6380027227 : MAJOR METHODOLOGY FOR INNOVATION DEVELOPMENT IN EDUCATION

KEYWORD: Teachers' Emotion, Machine Learning, Deep Learning, Sentiment Analysis, Speech Recognition
Jiramate Rujikornhirun : DEVELOPMENT OF TEACHERS’ EMOTIONAL ANALYSIS MODEL IN CLASSROOM VIA SPEECH
RECOGNITION USING DEEP LEARNING. Advisor: Asst. Prof. Siwachoat Srisuttiyakorn, Ph.D.

This study has 2 objectives. (1) To create a model for analysing teacher emotions in the classroom using machine
learning and deep learning approaches to analyse the sentiment of text derived from speech recognition. (2) To assess the model's
applicability for analysing teacher emotions in the classroom. A total of 23,974 text samples from two sources were used in the
study. These contained 11 films of teachers teaching social studies, religion, and culture lessons that were transcribed using speech

recognition technology and then turned into text. Additionally, data from the Wisesight Sentiment Analysis database was utilised.

Three categories of machine learning models were used by the researchers: Group 1 consists of four models that
preprocess data before analysis and categorise teacher emotions using machine learning techniques; Group 2 consists of four models
that extract features from text using autoencoders and categorise teacher emotions using deep learning techniques; and Group 3

consists of two models that preprocess data before analysis and categorise teacher emotions using deep learning techniques.

By using TF-IDF (Term Frequency-Inverse Document Frequency) to extract features from the text, the researchers
prepared the text data for analysis. They also used Principal Component Analysis (PCA) to minimise the dimensionality of the feature
set. They used the SMOTE approach to address the problem of unbalanced data. All three groups of models also underwent cross-

validation hyperparameter tuning.

On the basis of accuracy, precision, recall, and Fl-score, the models' performances were compared in the study. These

are the conclusions:

1. It was discovered that, out of the three groups, LSTM models with tuned hyperparameters had the highest accuracy

for classifying emotions, coming in at 71%. Overall, these models performed well in terms of accuracy and F1-score.

2. In Group 1, Support Vector Machine (SVM) models with tuned hyperparameters achieved an accuracy rate of 66%
for emotion classification. In Group 2, which combined SVM and Logistic Regression models with tuned hyperparameters for feature
extraction, both models demonstrated similar performance with an approximate accuracy rate of 68%. In Group 3, LSTM models

outperformed other models with the highest accuracy rate of 71%.

Field of Study: Methodology for Innovation Development Student's Signature .......ccocceeveenienennee
in Education

Academic Year: 2022 Advisor's Signature ........ccceeveeecunen.
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Wnsziorsualagluduiseuriiunisisismalagldnisseud@edn wisesndu 3 neu lbun
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MDUN 1 E]’]’iSJmﬂgTu"UuL’iEJu

1.1 ANamsnevasesunlnglutuEey

'
L= a

orsuaininSeuladuiavareglutuSsulasudnsnannladenareusenis swuds

91sunllazNITuLanIeanveIng (Pekrun, 2006) luanimuindeuseninayana 01sualazly

a

foyaiiddnyieatuanuddn anuddla viowssgdlavesddu Tuiliisusannsanevaues
wazUSunginssuvewmuliegaiissme (Van Kleef, 2010) lnsunfiudiynnaazsuiensunl
voeU Jduius Fadunszuiunsiiseniinisasiunisensual (Frenzel et al., 2018)
Uszaun1sainieensualvesyanaluanInmnseunediaudaduiusivedalnada (Hatfield

et al,, 1993) HaudTeurnuieinansliiuinnszuiunisaanatindunieluie sy

! ¥
(% 6 (% =] (% s L3

(Frenzel et al., 2018) ANUENRUSAAUATUUNUFIUVRIUFURUSN 19 15UAITIUINUAY

o
LYY (% L3

anulindadatunaziutduideseanisiseus (Reyes et al., 2012) Asdudnyugniesual
NadenuYaImNdNTusTEniasivdnGeudWegluresseoudiuiunin (Kunter et al,,

2013; Pianta & Hamre, 2009)

n1saaarn1sIANISUTIBINIAluesSsuluIntu Asdedldnagnsnisaounay
N13AIUANEISHAL Jennings & Greenberg, 2009) 3nNs@nwInaaadluiosUuRnisnudn
yAna YL NEAINTIRENAULANANN YR TNAINWIRS a3 9a1nNThandean
9@ (McLellan et al., 2010) uAga111505UIN90ITUNAIBANUYNABINLBNTNAGD
UfisemeonsualuasngAnssuvesSu (Johnston et al., 2010) Aveuty AFAaINTTIA
o o A A v = = Y 4 ¢ a Y o
uniseugnszeIesukariiiimnenasuaninmanyainisesualideuinlunieaseu (Sutton,

2004) AugnfeInIsesusiainsaiindulaluaniunisaliaguszauivensuali linseiu



n1swansAuiAnuaznisuanteanatusaaennnediulalaeldnagnsnisuanadedn
(Hulsheger & Schewe, 2011) ffufie 'mmwmmmﬁ%ﬂ%’uLUﬁ'wmmifﬁﬂlﬁwﬁwﬁ’ummam
fifo9n13' (Grandey, 2003) FogranagndnmsuanBadniiufuiudouls wu nsUsdut
naleyey (Gross, 1998) agnslsinnu winagldnadsnisuanuuuiaiy W n1sTursounds
wansensusiiitelinsueniduluauaimuansensuallugauailagliidsuninuidnna
o158] (Lee et al, 2016) Aviazdwmalfiinanniznslusgseiies mlliassesiuma
msmiﬂmﬁm%uimmg (W Keller, Chang et al,, 2014) wazd9demuAaIAREaUTEWIN

215UAIANTUAUDNSUAILERIDBNUINNEUBN (Abraham, 1998)

1.2 asAUsEnauvasarsualagluduitey

{ o =

arsualidunseurunismBauazassineidudoutainainimaniseldn

Y Saa

wlutin

1Y

YaIusazA (Eisma and Stroebe, 2021) Uszaunisainiensuaiiinnuddgseujisenig
o1sualvesinFeuluviesSou annsidefiunnilinsiuitensualvensiinaudidsy
asm?iwiaqsumwLLazmmLﬂuaguiﬁﬁiumiﬁﬂmu 1 Keller, Chang et al., 2014; Philipp &
Schiipbach, 2010 Tagviluersuaivesngazimeosnuileduféusiusfuannuinden
(Day and Gu, 2014) 915unlAuTAsazRnt U essdUsEnoUNTe s aiaRsdIu Taun
AMUIANUAZNITUANIRBNTAINABAARDITY NTBNATIFD “flonsuanieonnisesual
azvioudsUszaunsainieesuailudagiu’ (Ashforth & Tomiuk, 2000) 91TUBITILTRS 97N
Readestuaussdanasamidusssunid (Salmela, 2005) waglusyduiianninduingn

N1359UAHENKATUTITIAFIUMINITNLITIUAE (Erickson, 1995)
1.3 ip3asiianitlun1sinansuaingluduitey

NsANIRIUTINUlag lEURYaL UUADUNINTIBUAULDIATLLUUTIDID1THIYVBIAT
lag Frenzel (2014) Touuudassnseydmangvandusenislunisaausasnginssuves
v a a v a ! o & a v a
UnEeuiigItes (1) wAnssuuriinud1sa (2) wganssuiainusegela (3) nginssuma

denuuazensunl (4) naAnssudeduius

ANUAANNNDITUUUTLNOUNIYEDINIU AD AIURAIANIIDISUAIAIUAINNEILNTA

WAYAINURAIANIIBITUAAIUANBUY LULMALSNANMUABLUIAAAINURAIANIIDISUAIAIY



avanunga Wusluuunisvesnuanunsanalygnieatestunsianudilones
wenuerdy Az layanivesunl Tuvaefiuuuiiaeweainauaainnitensual fu
dnwasg 1udnvazyadnamilieadeatunginssuvialy (Bar-On and Parker, 2000; Lu et
al., 2016) IﬂJL(ﬂa‘ﬁlLLG]ﬂﬁhﬂﬁﬂ%ﬂﬁ@ﬂﬁﬁﬂﬂéﬂ’]i’?ﬂﬁLLG]ﬂG]I’Nﬁu (Davis and Nichols, 2016)
mMsifeduiuinniferfuauaatnniiesual wuitnnueaianseIsualgaiatesiy
HAGNSTINIUTIUIN WU MsRRIANduRusnsdrLlulaun Msseyaniuenie1sual
suaq;’ﬁ'u miﬂ%’wmawaq@ﬁu miU%’UUqamiﬁams WaENISIANITNGANTTH (Miao et al,,

2017)

WUUABUANS I8 IUAULBRNBUSE NS Nl N ¥YN5IANTTIELlE UL AUEURUS

lulng dreg199u wuvasua1un1sAIUANEISUal (ERQ; Gross and John, 2003)

o

[y

quaaummmmmmamwdwmﬂﬂa (ICQ; Buhrmester et al., 1988) Uselluseau ﬁﬂu
uesIesEINsaENduANdLTuSlLm el saTuayusesual nduansesn
wazwludadands NMITINsEAUEIMSUNISAIUANDISHAILALYINBENITTANSAUENTLS N3
Tuuvasuawsenusuesdiamudswesnuduiusigaiuasaieninaueudewes
Basnluidlefidrunesnuisifuanuansansdautazorsuaiuazanaundueg i

ronadu ¢ lunaieaiu (Podsakoff et al., 2003)
1.4 3nzwavasansualazlutuiBsuninafuusau o

Tunanensidenansliiuinosuaivesngdonlasegaunniunsiujduiusigeuan
AUTNSEY WY AUAITIeEITEY N1TwanInufusslunauveng ilmianis
MEUAUBIVITOUARINAANTIUBONIUN WU AUgURarAuianela (Hargreaves 2000) A7
915URIUINTUTENININTARULA NN TR INAENENTARUNNAINVALLINTY Lardndy
= ' = 1% 5 v v gy Y o I o = - ' Y =
gavdu udsadieassalunisusudilidnduaniunisalluiesSeunuandeiu lned
HANSENUNAeAndaanudSuNAN1TISeUYainiseu (Fredrickson’s broadenand-build,
2001) usinindUfduiusigaau mun1sfnwaigaves Chang (2013) wandbiiiuitensual

1T9aUve9As WU AalNIsuAazANNnvia dnnetdesiungAnssunliwinzauvestinSeuy

vsensvnszideuiteluiesSeu (Tsouloupas et al. 2010) @15unYDIAFIAHAIMFUIIUS



ﬁ'um’mLﬁuaEﬂjﬁaLLazﬂmmW"Uaﬂmiaau (Brackett et al. 2013; Day and Gu 2011; Frenzel
2014; Frenzel et al. 2011) msmﬁl,%qmﬂsuamgﬁLLu’ﬂﬁmﬁasﬂizéjumsmil,%qmﬂsuaﬂ
tiniFou (Becker et al. 2014; Frenzel et al. 2009) sty ansualiBsuInvosngenaluiifios
Inludmiuagun1izvetn] wienadmanagunIzvetiniEeume uavdswaiansFeuludy

SeuUNY

AauN 2 N15UTTNIANANTYI5IINYIA (Natural Language Processing)

2.1 NFLUUNITIIAINA

N3391AA (Speech Recognition) ey nszurunislunisudandeadulng

[

¥ a = [ v dy
oAy Inednseurunisiunisuiasdealutening fel

1. AISANNRUAAT APl 9890LB9
2. Ul requests auIteyana 4 asrUsenau taun dndnlwdidesinty
a
504 (upload)
P @ o 4 = o & A o o o aa a a
nsnanEsadum (transcribe) @sluntsninesndunazdaannisaneniussansnin

nsfmuali APl viauseaudsa (poll) nmstufindeanuiiasals (save transcript)
dmsusuuuurennudeyadesisiuaziden il

] 2 v = Ao A o oA ° vy a v
e mp3 : Wusluuumsinudeyavesdeniinisiudadss vilniinisgaydedeya
Miasaumantatesadlulame wadanuaszain
e flac: LﬂuiﬂLLUUmimmamammiwamuaEJ miaumﬁwimﬂ% Qidutoy vl

annsnthdeyaiuildinduanesitulmllfedsanysaiuundoya

Y

&

I3 <& v 44' N o {

(= < [ a
® wav : LﬂmﬂLLUUmamwamawlmmsuua@ WusduuunIsinuYauanid

U Y Y

~

AN INEINER wirwalndAvesivunalng Gl

Y 9

Tnglutlagtunisldanuiilldsuaudengeanfunisfudeyadssdusuuuuves
mp3 mszazmnuazaunsadndludnyadinanuiwasdulidlugluuuau q uwadly

fuluga Wu speech_recohnition %38 pydub Tun1wilwseuieldlunszuiunisidndmye

FeilfAndunayiaunliuan

Y
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2.2 mMyafinAMEnYMeA8IEN15 TF-IDF

TF-IDF (Term Frequency-Inverse Document Frequency) {umadafilddmsu

[

NISAUNILAZNITINNANLENEANT (document) NEANULABAITDIRUAIAUNT (query) TagTy

9
i% [ [
[ v Y

nstuInuasiAduUTIngluwsazienans wazn1siuduIuvesenasnlatuUIINg

[ o

WaAwIAINIMTN (weight) vasaudfydmiuwiazanusingegluenans waila
sananldinIesiiontainlunisuseiliuanuasnndessenitednunngegluenans waz

Wundeulun1s@neeuniwaansharn1sUseauIanNan1an1esssusd sauludermansnig

Fransaumemanslaimeaiadluldimewuiu wu nstuguuuuinulavey 9 Tuaeasu

[

a = a v @ ¢ & =1
91LE]‘LJLE]LLag"\]I'LJlII@EJi']EJﬁ%L@EJWU’PNﬂZQﬁﬂHﬂJLUu PNU

(% (%
[ tY

TF (Term frequency) wanefis nuauasaAUuUsINgluenas
IDF (Inverse Document Frequency) #a18fs n15n1AudvesA1tuluonans

Y199A

(%
v Y 1

At A TF-IDF winffunaavesan TF wazA IDF Tuusaglagldaunisesil:
TF-IDF (term) = TF (term, document) x IDF (term)
lngidiaanlailen TF-IDF g9 9zuanadn AdudAywavaunsaldtnediundnyue

LANAINAUYBILDNENS

nauil 3 laaan1siteuivainiauaznuidenineates

3.1 lwwan1siteuivaansaamidlumuily

'
[ A

Logistic Regression (LR) \Jun1siasigsiildiioritunsiuwdsauinianluseiles
(Fandsuuudndszian) lngldgavesdiuusBasenimunld msvimnedenaiazesuigleya

wazae i lannudunusseninenulsdaszuazinusanu lnenisvinuisanuuiastdu

(3 a

Y8315 AnRN sl et logit WiemAn Al N15ALATIEYLEENIT Logit regression

n3uan x WrluTulumadefipuduiusidadu iemuiuamadnsmdululs p e p

N v a £

a0 1 1 = ) a £ U a ' v
HATBYTSUIN 0 uaz 1 FudunasiuTuduresiulsdassunasii lnaladuussdns bi

0903w U59aseN i e i = 1, 2, 3, ..., k AILUSBATLLAAEAIVIIUNUINANAUAUINLNVDS
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AUt 9 aeluluma waz1asi by BeAduUsedns (b) aunsaduinlannnsteus

ludayansiniy uaze1 p AeAARBIRINENNTT

by +b . tb
eoJr 1Xg F e DX

pP=
1+ ebo +byxy + .+ bx

Naive Bayes (NB) \Jusanasfiudldlunsinuseinndeanuuavidudanasiiuiide

= = v a d' = q v a o Y aad | I
Vlﬁjmiuﬂﬂil,iaugwﬂl,ﬂim ‘ZNELGUWQ‘HQLUETL‘Uﬂ'ﬁﬁTNINL@a AIHI5UITAUITONIANNULLTU

<o

MUl mingvesiegaazeglulssianiidmuala laeilgns fil

P(x|c) P(c)
P(cx) = ——
P(x)

Toefl Plclx) Uuaruraziluvessiedns x Negluaana c, Pixo) Wuaiuun
& Y o 1 = o v g & ! &
anluvesnisadneinedns x lnsflaanadiimualiindueana ¢, P) Wurnuiiazifuves

Aad c way P Wumudnaziduresdiogns x Tunisiinau

1 ¥

Support Vector Machine (SVM) (Juwnaiian1suistouaiduanssounnningss

Y

] '
= =

in Inslddusuudaduluniui 2 98 ssuuwuusivlunud 3 98 wazlaasmaulunui

aa aa g v A v a A U vy a v ° Y] |
VangUR jﬁﬂqiumﬁlfﬂU@'ULZJEJG]@QﬂqiﬂqsﬂummLLUﬂﬂubL@LLU‘UL%QLauaqﬂquﬂuqﬂJ{LﬂUﬂqif\]@LLUQ

¥
LY

Poyauuudunsslilalagnisiadeudenundndinldaiunsawiasenlawuuidaduldanug

£

auiiRgeunaunsauUsiulawu gL

(Y]

Random Forests (RF) A8 LwﬂﬁﬂﬂﬁL‘%Uuim{j’iauﬂu (ensemble learning
technique) dMTUN1538U3WERR (regression), N133ANGY (classification) waguBuY
Tnensadreduldidnanatedu (decision trees) Tuanlugaesn1siln (training) wdana
AuaAnade (mean) dndumaiuneidsaiaviealmngaan (mode) dmsunisdangs
1Usenoufy waflaudesiiaziinnis overfitting d1lddeArmrunf1voUn
(hyperparameters) ag1umuizan Nnauliiluye (forest) fidau contributing lun15dm

wuangu laensenaudlnl (classify) Teyalmiannanautfvedwiazdanfesdangy waim

ulfififidiugay (votes) gean a1ty forest Avglvin1sdnnguuesdoyatulaelinig

Se

ANATLLUY
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3.2 lumanisizeuiideannldluanuide

Multilingual Universal Sentence Encoder

Multilingual Universal Sentence Encoder Wuluwma Natural Language
Processing (NLP) figna$1stiulag Google sgnasnuuusiiiotslunisdilanumneses
Uselonnwisssuriianuanentwisneg Tnglisniudosudadunwidnguieu lusail
aunsaisuifisudszleaiivsznoulufemiuauazanunineesUsslondanuiie
Aumusgloafifinrumneadeiuld lnefinseusulunamedeyauazuiulssegiaue vl
Tumaldfuniswauisnniuegseriios Tns Multilingual Universal Sentence Encoder
ansadnlidmiunanenuiiisadesiusisnystu msdndidudoya maudngudeya

wan1sruteyaiinesteslividluntviinewazniwadun

Multilingual Universal Sentence Encoder flaadnonssufiteliauisautas
Usglealuniwisne 9 WunnmesienSeudisusasdumanuadiandaiuld Tnefinngld
laseUgUszaImdean (Deep neural network) ﬁﬂﬁa‘zyﬂu Tensorflow framework lagdl
layers #1¢ 9 w0118 WU encoder layer Alddmiunlasuselomdunnmasuuy
embedding wag projection layer filddmsuiouifiauainundeaisturasusslan
uaﬂmﬂﬁf Multilingual Universal Sentence Encoder §3#in1514 transfer learning lagly
TuwnadildsumstintuBsuiesida (pre-trained) Tnsdoyaiiuufindu lnnadddnuosdu

text corpus NUsENBUAILATYIAN ) Annsiuvadlan (Yang, Y. et al,, 2019)

gs") gi(st) g(s) glt)

t
FC | (W, u, |w-u, |, u*w,) |

AN
%(Snj) gy =u, gs%) = u,

T

|

|

‘ | Enc | | Enc | [ Enc | | Enc | | Enc | | En

T f f f | T f

L sk s s® ; s, t

o ¥ p T N Y
‘ Question Answer ‘ ‘ NLI ‘ I Translation |
Native Tasks Bridging Task

(en,es,zh ...) (en-es, en-zh, ...)

A9 1 uaasaarUnenssuvasluiaa Multilingual Universal Sentence Encoder
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TaseUneUseamiiguwuusnagn (Recurrent Neural Network)

waneUneunting lugrausnveen1siinnisiseusideadn (deep learning) 101510
walulad3TnA1yn (automatic speech recognition) ¥1UszenAldeg19lAUAYY
anndmenssuuuusaasdanunsaey (Hidden markov model: HMM) Tnedilunsas$uld
n1sUszatanalagn1suseaagusmanvawnid (Gaussian mixture model: GMM) 33

AUEISINARTURB9lTN1TUSEINaNaNIANNT TR ULAE AT EnTE TaA UL UTUTIUT

AndulunszuIunis GMM-HMMs wavamudnuuevasdssnmuivaniun1siiluineed

a [ a

Awemgvateiulinansalitasimalulagidmnaintulningldnsiluldauses

Y

annegeuivanvaty laginisiseuiidsdnuussgnaliiunisidne lagsuainns

(%
Y [

BEULUUTEUUNTITIANAYeLLEE (human speech recognition sysytem) Ndvianads

[%
Y

uaganutuvedlasasialunsasnedna (speech production) uagn155u3AuA (speech
perception) lnglugiausniadunengiunazdinueilasainenisseusineatunissame

wuunafuinldlumalulagimuauuiiugiuredaseiigyseamiiigudedn (deep neural

[
(3 =

network) wanasannuuliuiufnadumalulagssifnaduun v

Y Y

Tugaena1dnuninisuinssuauns DNN-HMM wilglunisiandnawalianunsaasie
wuudnaedieIfunainvesimaliegiusednsam duitedninlunisussinanananeiu
NNAIUNT9AY Lﬁmmm’ﬂungaLLUUf\i’Wam%mmum%ﬂawLszj'ulﬁsnﬁ'u WU AYINKEINANY

299AMULUTUTIUVBILUUT A DIBARULNSAaN TASINeUsTaMAsukuunngl (Recurrent

' '
a1

Neural Network) figlasumsiaiununlugldndnsiunlaegn1sSeus iedn lnegidediuiey

ABIN137192V N800 9 tazasakuudnassnadsn dmsulassiielssamiieunuy

1%
a o Y

g1 fununigluresnuanyuzAaLuunain A n1sdwunlaglinudnuvuzveudes

(%
U 1 o 1% o 1%

sgaun (low-level acoustic feature) lunnagtugauda (hidden layer) WiniaiunY

'
IS £ a a o

AMANYMY FoufuuuLing’ (recurrent hidden layer) wilumisnduiu ndulaifisauny
AeluraInuinyuEANALUUNATAYEY DNN-HMM TasadgUszamisunuuins iy
Ussuamvaslasainussamieniiiinisdenlosiureamaeluining uifindin “recurrent”
emneinsing vseiedestuniseiiunisniends (time-delay operation) nsldnas

ANIUNITNENAIUNITAINUATRTIATI 1eY28TUNITININATIASILALNITLAAIANIN
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[
o

18Ty Tass1eUszaMNsuRUULANE Y IR RN TRARAIUTELANUBING ANTTUVDINATH

3 o

A7 wekUlATIneUsTaMAsLT9ankay DNN-HMM wjulaid

Aa

lassngUszamiisuuuuiingniunisteudigdnniinisurveslasetieysyam

Wenuuiingnasadunansdululassiedavindudne gy nssuiun1saigaivesns

Y

g
a k% (% LY

nanisyansamlunseuiveunietegluszauiibey dufe n1slilasseyssam

Calle

Wignwuuiinguun1sd1szerdu-a13 (long-short-term memory : LSTM) Faluguuuund

a 2

nsAnAUALIUATARANTIY 1997 laggdevgyniulasaingyssamiiiey

Tuipa LSTM (Long-Short Term Memory)

lama LSTM (Long-Short Term Memory) tJulsaausginn Recurrent Neural
Network (RNN) Nigniimundusniiedanisiulymivesnisiseuiuuy Sequential aiin

NIV UTBNANTANUT UL eIAUIUNAINANNAY WU H29819N15VIUNENINEUATNIAE DN

Y

aeludoudal wsemsvihuiesaniulusuiee

Tuwa LSTM gneenuuubianunsaandiveyalsuiudunaie tneld Memory Cell

[N Ao o

FaaziiudeyandAgly wavausaasranazavandnduldnasanan wenaini luina

Y

LSTM €33 Gate d@a3sife Forget Gate Uay Update Gate @9aunsadnianteyaiazgnds

Y

AolanuaudAgveIteamAINY A1uN Staudemeyer, R. C., & Morris, E. R. (2019).
duUsznounaneas LSTM (Long Short-Term Memory) Usgnause 4 @1umndn A

1. wiwfiudeyavdn (cell state) Fsazidunvunnimesiivavessadlugaaditm
1 Tagannsaidsundasanldriunsaunseuindn

2. forget gate awvimithiifinnsestoyaiilidniuoenanusiuiudeyavdnlugieis
n

3. Useguhudn (input gate) azgnlidmsunsifindeyadiluluwsiuiudoyandn
Tnganansndnnsesteyailiiifertosoonls

4. Uszgeen (output gate) agimihiiundeyaiazioneenainunuiiuteyandn

wazih lUlglunsAunuseld
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a Updated cell state to help
LSTM Recurrent Unit determine new hidden state
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Forget Input Output
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AN 2 nansdnUnenssuvaanlleluma LSTM

Bidirectional Encoder Representations from Transformers (BERT)

BERT #3130 "Bidirectional Encoder Representations from Transformers" fg
Tunadgyy1UssAgaun1uIsssuy1fves Google %agﬂﬁwmimmﬂ%’mﬂuiaﬁ
Transformer ufulunaliyyivseivg edandeildlunisvinisuszananivisssuud
(Natural Language Processing: NLP) kazanunsassusuuuiiulaiuudazaludselen
Tae BERT le¥umnudeuegrsnnilesananunsayaudioanuuiudigsuasidululdedis
auysaivislunwssseiuagn s idansgiuedadu q Failviussaviainlung
Uszuranatadounywdlunisiinlavaslvidnoudmsumniumainaneven s ssuy R la

aﬂﬂdaﬁqmiu{]ﬁ]ﬁ;ﬂ'u sl Lowphansirikul et al. (2021)
a@1uUsENaUNanUed BERT Usenaumie:

1. Transformer Encoder: luinauszananadeyaildlunmseuiuazuvastoyaiiu
A Feature Vector flansnsaiiuanuduiussninadoyalsd

2. Pre-trained Language Model: T,JJLmaﬂ'm%'auisuaqmmﬁlﬁ%’umsa%fw%éhama
14 corpus vastayaunIAa Wedinuszansamlunisyianudilanivives
BERT
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3, Multi-Task Learning: n15Wlaina BERT lunaneq vuiildnansg arwiteia

UszdnSnnveansiseus

£%
v 1

4. Fine-tuning: NsUSuLAIITwesvatlumagnAselidtamtiudy iielvluna

<

Juenanslaganiy

a

anunsavihnulafiuunsensgansen ngldyatayait

Y

Embedding[ wh J [ w2 J [ w's J [ B ] [ w’s J
e T T T T I

Classification Layer: Fully-connected layer + GELU + Norm ]
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Transformer encoder
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AN 3 kEnEIUnENISUVaIU281uma BERT

BERT 4luna Transformer Tun1svinau Taelaaa Transformer Wulunafiseus

ANuduRussEnIeAlulsylun Tunsly BERT 28din15vin Pre-training neu lnefidunou

1Y

D!

1. Masked Language Model (MLM) L’f]umi?lﬂimmaiumsﬁwmaﬁﬂﬁgﬂaulﬂmﬂ
Usglen Lﬁ@iﬁlmLmaﬁsuifﬂ’gmé’uﬁuﬁ‘iwdmﬁﬂuﬂiz‘[sm

2. Next Sentence Prediction (NSP) 1Juni1sinlumatunisvinuiein Uselemdaluay
Jueels TngtanaanmsiSeuiisuaianudaviluveslsyleadaly

97NN Pre-training U9Auil azad1sluina BERT Mdnlamiuduiusseninealy

Usgloalanvy Wethluldanulunis NLP aviiuseansninganniu
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3.3 eideiineates

auATInluarIveInsUszaianan wsssud (NLP) lauansliiuii n1saie
Toun13iGeus (Transfer learning) Maviundsmsiimesanlumaddgwauiliudiud
Uiga%%ﬂ’w\l’sj\iﬂ’j’]miﬁ,ﬂﬂéj‘ULLGiQWﬁ’]ﬁL@’e]ﬂﬁfiﬂjﬁg\iLLﬁiélju Tneluauidevas Ezen-Can, A.
(2020) gaiulufinisanuimimianaluladfandnlulfluasnisdne Inelunis
naaeanud1 Wea LSTM Jusednsamaaninluea BERT dmsugiudeyavuindn uasly
narlunsuuudansdmeslmidusddutiosninisufuudmnafivesanlunaiiigd
fauliugr Uszdnsamlunisussinanalusgiudssianuardnvuzvastoyaditun

Beszildladndudn nsfiluwarilniuiniGeusesudwazilutoyavuinlngudragyinli

Usgansnnlunmsinsgsiaslusme

AEQ (Achievement Emotions Questionnaire) A LATDILDIANATNAINISDINLAY

Usziiiuosuainitandudisa (Maik Bieleke, 2021) wnsasilailldnanailuiasaaiianlasu
a <& o 1Y) Y a a = a v |

Anullsutazidunesusuluaiudninginisdnwiazdu 9 21An15lEuINNa1 2,700 NS

919941U Google Scholar ¥BINISHBUNIATILSA (Pekrun et al., 2002)

AEQ Us¥naumigainaunsin 24 seau lngussiiuonsualanuway 9 Useni1sued
AUWALINEY AT MNESe Aadends anulasta aalnss Auina Ausy
918 AIUAUNTY uazAULD oV amamdﬂﬁ’%’ma@uamﬁwﬁLﬁmsﬁmﬁ’u%uﬁau N9
Seu3 LAz NGNS TINISTINET I UMDY F78N13ATOUARUUITEAUNTTO
yonsualIney s wiendan1saeandiisates wasiinanwnazin uiiiesanniste
mmﬁahumwwﬁaﬁulﬂLﬂmwaﬁ’uﬂﬂimwaauammwiﬁimw%ﬂ wavelaluaiunsala
wadnsHazulduiuey lunsidelagtudainisiaun AEQ-S sgnaduszuu Tneifuguuuy
g8909 AEQ waznsivasunmantanislelawmnin (Maik Bieleke, 2021) 1aganNKanIs
nedevaziiuladn AEQ asfinnuwiugunnnimszdinsldainaiiaziBonndt us AEQ-S 9z
fidefnssfildnalunisussunalduiu awisaldaianisaiuualiuls lnonsioaeu
ANUFUNUSTENINUINTIEIY AEQ LaziInsIdIuUed AEQ-S wiiinazAmduninuulsusiu
Y84UaRANAIATINAU (Girard & Christensen, 2008; Levy, 1967) LANaNTITE A U

AEQ-S ansnsavihgndayanlasuain AEQ
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=

\383dlednailn Ao long short-term memory with attention mechanism (LSTM-
ATT) meﬁaaqgﬂa%ﬁuwﬁugmﬁuaq LSTM srufunalnainuauls wanisanwunuseinm
989 LSTM-ATT 4A879897U815UINI9IBINTT 9 USLLAN bAKA AULNAAWAY A1UNTI

ANUTR ANUNBUAANY ANULNTE ANBUDNY AINUNIIA ANURANIY haLANULUBDNU Y

¥
IS L% !

a v ! Y a =2 & 1 L4 L3
nan15I8AeuntlEuduInslEluman SN usHLASEY1Y LSTM @nunsaninnisaiensiel

a1

m3mnsle Tugadliftfiuunnalnnsliauaulagmirluldfunuieszsiensus naln
muaulafosUuuunisnszaemuaulavesdsiifeanisin dmivsuanzaiansn el
arwalaldluauanifvedraiiodmiminuesduiaulauasUfulssdvinavesdudy
Tuvagfdnilildliemmaulaavamsnagiiuld msdsegndlinalnauaulalunisujia
anansaudseenifuaesuszian Ae arwaulaiwn q wazerwaulaegnamdn 3 sszaunisal
yesesuaimMaIvINsansawasusaslininnisussfiuiinisiasuuas (Schutz and

Davis 2000)

= = A o & Yy & 1o« o o & ]
mﬂmiﬂﬂwﬂuwa’la d ﬂ’]'iﬁﬂ‘w’m‘wWJmﬂLLaG]ﬂMWM’J’I UAMUAUNUTITNIN

915uaiN19IYINIShagnN1satuayuIneg lnedniseunlasuanuaduayuainaguinni

£
= Gl 1

YU 159A1 NAEs (negative academic

Y

nazdlA1 PAEs (positive academic emotions) g4

Y

emotions) ishas ImmawwﬁﬂSauﬁlﬁ%’ummaﬁuayumﬂﬂgmﬂ JndauaynauIu Ay
aula mnunds mnugitla vieaumaevasula (PAES) finntu wiedennsauinniaa
Fesrudeduedn nsdla musuens Analnss Anuwisly enudening wiomunuands
(NAEs) dagas (Ahmed et al., 2010; King et al,, 2012; Tian et al.,, 2013) FUVUAHANTINU
fisnefupgeunn (Skinner et al., 2008; King et al., 2012; McMahon et al., 2013; Liu et
al, 2016) tinFeuinlesudvdnaainorsuaivesng udnrudenlessyninsorsuaivenguas

o

a1uf ardnlavioussgdlavesagiinrudaiauninnis uenandsafinisideanune
Aendunnaduiusseviniensualierddu uaswgAnssutiemde mAdeiifeatedasmseiu
n15aeu 1y Reyna and Weiner (2001) luan1muwindeunisiieusooulal asiasuuay
faamdngasindusionilainesuaimanmsvestinBeulsfaulusuladiosiiuns
UsuussanuuegfifvesinBeuluanmundeunisGouiesulay andeyasisualinig

WINS Li’ﬁ]%LﬁU'jﬂUﬂﬂﬁﬂﬁzﬁl’]SﬂaﬂﬂﬂﬁﬁjﬂUi%Lﬂﬂﬁﬂuﬂ’JﬁmaﬂLﬁu%@ﬂﬁﬂﬁ&mmﬁﬂﬁhuﬂﬂﬂ

Ngndmsung sesanfendngns wiinaunmvesnsinnudidyseauduegnfves
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WNITEU INNTRELNTINUIVINSNLINUNTIMRUNTUAIBR VNSl nTEanagn “F

[y

19”7 war “Aands” u1AN13TMUNeTUAIBNYIN TN atUaYLILITENAYITDY

c

FwInshafdu nsAuIMeIsallazamTaYleajkartnmuIndngaa1nnsalady

AD4N139098151308sFeaunsavinla Wiebildansuainisivinisiedlunufaiiuiazyes

a a P

I v & o & Y o ax o 1% & @
wInwegegnavskarsIaITIluAssiauIsNdUsEAnS A Weundymillagende
walulagn1sseusidedn wiadinseun1sduunAmuAndiuYetin SELLasLUUIIRDIN1S
° ¢ a v & v = = v A e =1 &
FUUNDITUNINIIYINT Mgwall yateyanlilunisiSeuiveuniesdegnasnedu iy
NSBUNNTIATIEYU89 A-CNN way LSTM-ATT lasun1sWaun (Xiang Feng, Yaojia Wei,
Xianglin Pan, Longhui Qiu and Yongmei Ma, 2020) 9151y INsIduulIninin

asuaimmnisiiluavlunisusulsmwanisiieu (Jing Tan, Jie Mao, Yizhang Jiang and

[ 1 LY

Ming Gao, 2021) 815u8in19331N150198ANE Ay AR SRS ealanuvias sasdaEy

o

a0

(Yerkes, R.M.; Dodson, J.D. 1908) UWUWW%@Q@WiNQﬁVI’N%%Wﬂ’]i%QL‘ﬁuf\]ﬂ Uraula e

9

W livingauiugiSeu (Hannula 2006) kage1suaimnINIsdmananszuIunIsiseus

Y

wazUszansnnlunisiseu (Goetz et al. 2006; Pekrun et al. 2002)
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1) fauUsIvw

p1suningluduideu (Teacher's Emotions in Classroom) iupsusiisay Bauan
vidoidunansiiasvieunieatnaudnvaranteanuiliainnszuiunsiiidmaanidesn;
TutuSsunaztundunsyuIunsnsUssnananwsssuaatietiluinseisuungae
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Usgtandonnuain 2 undadoya loun (1) fennudildannszuiunisidrdgn (Speech
Recognition) dadunszurunislunmsudadindidesdudoninu laglnddesfiviunldluns
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(onsite) lusgivvesnguansensBeusdenudny mau waginusssy wlnsdnw 2564
- 2565 ﬁ]’mﬂﬂuiﬁﬁauuﬁmﬁﬂ waz (2) grudeya Wisesight Sentiment Analysis 1Ju
guteyaililidmiumsiinngionsuaiandormuudedsaussulad

3) Heuelfunnisvesiiudside

o1suninglutuiSeu (Teacher's Emotions in Classroom) sianefis anizansuaiiing

wanseantuunumvesdasunigluiesfeurudyn salnasenisiseuivesinseuls
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hidden unit ve1 layer fisonun Tngldilakdu output_dim waznisivuali
#larfdu mask_zero Wuade Wunsld masking Wiedanisfuainuenives
sequence TanunsaUBsundasle

(3) Bidirectional LSTM layer taeifinuszansamlunsGouivestumasenisly
LSTM #iviheusiadnu forward way backward luiiildivunvuinl3 256
InungnsuLmag layer

(4) Dense layer ¥8aAUUINUDY output 910 LSTM Lazd@3s representation Tl
e/l activation function Wuuwuu ReLU Tufiiasuuinves layer luusazduimie
128 lnun

(5) Output layer Freviuermaulagld softmax activation function daduns
wlasd1an output layer Tegluguvesanuiiazifuvesusaznguegosiiaz
AN input Tidawn

AMSUNISUSEUIaLUUINABIY Keras Wialgd1nsunisas1amnsausunisniwashy

(%
va v

lunalvifiusgansamgeu uluea LSTM 9 §3deladnisidentyd Loss Function Useian

4
Categoraical Entropy Fadudiadeves Cross Entropy An21n1154anuasaatinady
2 wuv 1A Msuanuasasninazdudiesnnls funisuanuasananinazudignuszana
Tnglumanungueonsing 4 dsfianumuizandmiveyaidnusnandudoyauuudn
Ussuamdidivanendu (Multi-Class Classification) niaidenid Loss Fuction Ussinwil 1fuwils
TuA%nsusuRwuulaenadostunadnsiisosns @ optimizer ﬁiﬂumaﬁauﬁﬁa Adam

Faduisnsusuwuudnludiinesdrelilumaiouslaisiau lnesiiivun learning rate

whitu 110" uazmsndfiltlunsszyussansnmusdluna fis Anugnassidunisin

ANUgNRIRINaLg s Tilunane NSl Iniungud e Nuviasemnunladuunly
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Bidirectional Encoder Representations from Transformer (BERT)
Bidirectional Encoder Representations from Transformer LﬂuImLmaﬂﬁﬁEJuiL‘Tjﬂﬁﬂ

AN UITUN NI IUNISUTEUIANAN181555UY1H (NLP) A1elAnsaun1svineaIueed

(%
Il a b4

Transformer 9.0u3Sn 53euiiBednfiiugiuuiainnisseuiiBednuuulaseieyszam

<9

=

a v a v v = o = a
LVlEJiJIﬂEJﬂ']QJ'ﬁﬂLEU']GLGUF’\I'J']N‘V]N']EJ‘U@Qﬂﬁgiﬁﬂﬂuﬂjjﬂfﬁ‘U%@uuagﬂJﬂ'ﬁﬂi‘UL‘UaEJ‘NIUGH@J‘UTU‘VI

vouilev luttudulumaildfuanudenlunmsinsziuasiivssdnsnings

J

N3rUIUNTIUNITIATIERIHUNAUTANIINTRAIUNTAINNTEUIUNITITIANA

Y

a = ¥ a

lngldn1sieuiigednaiomaiia BERT §Idelaldlausnd tensorflow Uszneuduluga

transformers LAIAIUNITIATIZAIIUNAIBATZUIUNITANY 9 Aall

(1) A3 pre-processing U9ANNAILANAINIBFA stopword Bon

(2) Wluga sklearn.preprocessing derhemdnviluwsazdennuluvi encoder fu
ASIAENT Tnei tokenizer 104 pretrained luwafiinainuaieniuwn was
Bonld “bert - base — multilingual - cased” . Jundardnsidmsuns wile
wdasddwiidu 9 Whdusavdmsuhluldlunsasduea

¥ =2

(3) yhnswlsdeyaseniuyadeyarinlu yadeyadmsuiauiluea wazyadoya

Y

v

Inefdunudernulussiazyadeyailu 17980 1499 uaz 4495 JoAumuadiy
(@) afudnnuadsdwidlidmivnsdeudideinadel 119,507 d1 uagldtinun
yunvesnudnvauzaeluluinansGouiiBednlin 512 audnvus
(5) mnduidutuneuresninnioudeyadimivnisFeuiidedningliyadeya
Tensorflow API Gautiseanidu 3 du fsil
- dwsnidunisasenudnvazveayadeyadniunsindulaeriiudeya
lugUiuu Dictionary 7ifl 2 daudszneu lun Key dude %aﬂmé’ﬂwmz
ua Value Ao Arvesnaudnumetiu 1
- dwdlaeadunsairgadeya Tensorflow TnensiiAvesnndnwms
nsfuuaslssinnvesterruindugiulidudnumezves tuple uas
tanudadliidu Tensor slice fefleridu " from tensor slices(” Faagle
yatoyaniiunudnuazuasUssamuesiennuinegluzuves tensor slice

' ~ = | o ~ = a &
- ey Wudiuresn sl llumatanusIns NSRS IE LN

'
a

839w Inenisguarduvesyadeyalugaiinly 9nuuusteyasenidy

nau  Wwsagnquilvuiawiiiu 8 (batch)
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Tunswseuvayadnsunisyntauanieluniswaunluwma (validation dataset) wag
U 9 Y

i%
U ¥ 1

ToyayANAAaU (test dataset) HuivnludnvzAdBARY widsoynteyaunnsniu

6 as19luiaalunisamuunaliuidnvesdenitulaneldluing
TFAutoModelForSequenceClassification aaeilandu from pretrained() Faz
wanluina “bert — base — multilingual - cased” w1 lddmsun1sidu
pretrained Tna wagimundwuUssianesUssanvesdannui 3 dufe
Foruiidauan @eau wardemnuiiiunais

(1) wanasalumanad §3devinisusulamesnisifiwesiulunanig Adam

optimizer wag Sparse Categorical Cross-Entropy loss Weaglaauisald

s

Tumailunisiindusagimulineaandeyald lunisiuaunadnsiidue
accuracy gl Sparse Categorical Accuracy metric Fuduafivenisniy
wiugvadlinatunIsdwunlssan
(8) thluwaisimsuiulemesmniivesGousesluiannBousosudn Inhlunaaey
futeyaranadeukaiUIsuigulsranSanlunisduunauianaindeniny
o msUsziunaunwvadlueanlilunsiiasei

MsUsziiuaMumInauvedlinan T TIEiaNianINN1TEeuveL B9ENAIN
T8AUN AN TEUIUNTSBUITIAYA IngviluuaasddydnldlunisiuSeuiiey
UszAnSamvetlunaiianeadaiuiulunalungud 1 uae 2 lngaginsuseiiuguninyes

luealusuanuiulafuniiuldiuteyagerniuiiume (overfit) Faduidnazanldluns

(% (%
a A £ %

#a1surmugiuluaiuil Ae Loss Wag accuracy M9v0syndayatnlukazyndoya

[

validation #9A" Loss d518aziden Aatl

1 =

Loss vunedis Agadenliinussansamvesiunalunisviunegnadng wu A1

s

ANUAANAINTENTINHAANTITIarNaIIUNg (predicted output) Ine Loss function asgnly

a s

lunszurunsuuusansfivwesvadluns wWely Loss Avian Feainaumunegdieny wiii

v ' v
Va o o CY ! !

H338ALABINTAN Loss AnTign LAARD Y Fadmtinsgnineenanugnaesiiiiaumie lagnin

a1 o v d\'Ll

A1 loss TudayayarnaluilAsnNgauad A1 loss lutayayn validation diA1n

o
™
~
al
©

1 o v o Y & = v = = v o«
wsizmnllaneagnukansliiuiealaynn overfit lugadayalniy saufaneeinis
fsanAInugnaeslugadayasie q Usenaunie ielilanisdmesivanzaungaly

nsUSULAINSEneS



uni 4
HaN13ATITTRYA

nsiauluansiessiosualaglutuiEsuIun1s A A lagld NS eusT

N

[

an didulasnunnanIsiesizvieanidu 3 pau lown aaudl 1 Nan1sIATILRUITENFNIN

e

TaAURATNITANAAMSNYULIINTBAIIUADUNITIATIENTIMUNDITUAIAIENTFHUTVDY
a P Y a = ~ a ¢ ) a ¢ ¢ H
LATDIUALNTIYUSTIAN AaUN 2 maﬂ'mLﬂiwwﬂ"]iwmuﬂumams’;miwwmimmﬂﬂu%u
= a ¢ vee 1 ) av v a ¢ Yo o o a 9
Lsaua’mﬂ’mmiwwmmgaﬂmusuammmlmnﬂmsaLﬂiﬁwmigawmwﬂmima%mmaug
YDILATDY WATMOUN 3 NANITIATIENNNTUTLAUUTLANT AN AUMUIZAUVDILULAAT

WaunTukaznstlvldlunsduunesuainglutuiSey

[y

Tnanimududniunsinsziersualaslutudeulunuided Suuneendu

U o 14 1

3 ngu lawn ngud 1 lueanguidin1sdnnsevindeyanounisins1zitaziin1sasei

Y

° ¢ 1% = v o ° o o Y
FwunesuaiAgAIEN1TITEU Ve UATEY 913U 4 luaa nquil 2 lumandnisadn
ANANYUEAINTEANMENITSeusWanlaglY autoencoder wagdin1s3iAs1EidLUn
917UaIAFAMENTEEUIVOUATEITIUIUN 4 Tuea warnaudl 3 lunanguiinisdnnssyin

ToyanouNTIATILRaEYINNTIAT IR UNNTNAlATAIEN1SREUSIAEN U 2 Juea

AaUN 1 NANITIATITHUITTEI8aNINTBAIULAZNITANAAMENYAUZIINTBAIUNDY
a ¢ o ¢ v a ] - = ya =
N133LATIENIILUNDITUAIAIUNTEHUTVDIUATIIUALNTEIUSIYSEN
1. HAN15IATIENUSTEBaA N TanuNUINITAN ST IdayanauN1TaNA
AMANYME

(%
Y

FomnuithunldlunmsiaunlunanmsiinseiorsuaiaglutuSeusanunastoya
2 uvida i FemnuiildannszuaumanisihdmeandavainsFeunsaeuvesasludy
Bouduiu 11 e Judadudennuidauiniesas 15.2 domnudeauiesar 16.3 uas
foauiilunarsdefiuiniianiosas 68.5 uazdonuildaingrudeya Wisesight
Sentiment Analysis Fafugrutoyadililidmiunsiinesieisualaintenn Tnegadels
vhnsdansgihdeyaangudeyatuvadudeniudauiniosas 18.3 feruidsaviosas

26.1 nazdamnunidunaissesay 55.7 feaziiulandtuiudennulunsazussinnildneus

pAneAdaiy nanfie Tennuidunanddiuauuinian uinnindeanudausazdoniny

[ 7
va o o v a

Feuan nduiIdeduvateayan 2 unawwnsiuiy neddeninusiuiunedy 23,974

Y
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Fonu Ingludruruiiniadu demnu@suan (positive) 31U 1oA2131 898U (negative)

JomnunardanuAdunane (neutral) 1oAY AUALEAIUAINT 5

Positive Positive
15.2%

18.3%

Negative
16.3%

Neutral
55.7%

Negative
26.1%
Neutral
68.5%

(n) dndrusosazunidIuIUTEAINLARY (@) dnausosazURIIIUIUTIANLAAY
USTNNINNTEUIUAITITIANAN LA Uszianaingiudeya Wisesight
NNIATIAINTaoUveIATIUTUIS e Sentiment Analysis

positive
18.21

neutral
55.89

negative
25.90

(v) dndiufosazvasdnuiudeniuudazUssinnaIni 2 unadeya

M 5 unugliuansdadiuiavazvasdnuiudeninuudazussian
a;' < v v | @ v P P = v
INAINN 5 leﬁﬁuvl@'l'] %aﬂ'J']iJﬁ'JUIVIQJILTJTJGU@V’TJ']N‘WL‘UUﬂaWQ FIUUINOITIDYAY

55.89 TuveITaANUTRULALYaANUTIUIN U588y 25.90 way 18.21 AUa1eU

nuidelaviinisduundennudenaiiesndu 2 diu ldun gadorudmiu

n15ANNU (Training dataset) WazyaveaAudTUNIINAGDU (Test dataset) Ingf1viun
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% ¥ ]

AduvRIYAtaANdmMSUNSENHuiayatanud MU IIAdeU Ao 85 : 15 wavld

3

ﬁ’mu@ﬁ’nam‘%uﬁﬂufimdu (random seed number) Aa 123

gadanudmsunsindulivionue 20377 doanu wuadudeainuidunans Soy

a

a¥ 56.01 TaAudlisauiesay 25.71 uazdan1utisuiniegay 18.28 d@1msuynteniny
A nsunisveaauiiaun 3597 Yoy wusdutemnuiidunany $esas 55.21 19AULTS
aUSouaT 26.99 LazdoAUTNUINTasay 17.79 AUNINT 6 T99sTiulAd1 N1SHANWIIVDY

Pomuluwsiarnguvessinnvastanuinisuanwsilndifiesiu

B fraining dataset B test dataset

60
40

20

neutral negative positive

AMNN 6 wruiiuaniforazvasinulutennuudazyssinIuunauyadannudmsiu
n15RNElY (training dataset) wazyndaAUEMTUNIINARDY (test dataset)
2. WaMFAATIZINITEfARUENEMEAINdaAUNaUNTITALATIZRT LN TUA]
v o v = = Y a =
Aaen1sitEuivaLATRILAN1TRBUSITEN
(1) nansaszinsanaauansazandaaufeluaangun 1
lunmsiwseideyailenidulavinsdianseitennuluusazUsslenlugatoyalag

ldwella TF-IDF daduwadanldnisduiuiuausingluenaiswazaiiudvesaily

[

nanstitoAuInAInNdIAY BansliwesaintaidAy taus arudtuiinusnglu
Yatory (df_min) laedideliinisivuadiding1y :ntudidedailuinmeisienis
Sousvonnios lagluwaa Logistic Regression waalauszdnsainlunisdiuunaiy

AN519% 4



a2

5197 4 waasuszans mMwlunsanuunUsennvasaniny Inelinnunana1esnudullaeunain

auBtumiivTnglugadonanu (df_min) uasnmsdanneitenanudaeisnis SMOTE
df_min [§7u7uA" Average acc recel :fml
- (Std acc) Negative | Neutral Positive (um)
anudtusiivsngluyadonanu (df min)
20 4345 .672(0.028) 63 .88 .36 240
80 1054 .671(0.024) .62 .87 34 63
150 515 661 (0.024) .60 .86 .28 26
200 375 .649 (0.022) 54 .86 25 21
anudtudiivsngluyadeninu uaslinsdaameitaanudaeisnis SMOTE
20 4345 672 (0.028) 74 .65 .58 305
80 1054 671 (0.024) 11 .61 .59 75
150 515 661 (0.024) .70 .57 .58 32
200 375 .649 (0.022) .68 53 .60 25

a L4 d' va o 1% v oA =) o aa
IINNITIATITUAIUANITIIN 4 Q?%SI@W‘U'NWUU Recall wi3anvdinuansaulilunis

v a

Fuunngy Jadnaaindadiuvesaiilunavhweidunguiimdmasangnifisuiuaives

4
v

wien15al wud lddnanudtumnusnglugadeauvianunazdy 20 80 150 #3e 200 A1

ANUhveIngutanIuleuInGs

a1 ¥

UATUBYA

1.4 dasiivunltuandiaiienudIuaNysIng

luyadeniugelu enaneliinandymanuliaugaiuveinguusdiudsniy (imbalance

class)

Wasnlavinisiiasgridseansainlunisduunteninusienisannauanyue

1 aa ! a a 1 o o ! ¥ a
M85 TF — IDF WU ‘Ui%ﬁﬂ/lﬁﬂ’]WSUENﬁ'ﬂllLLNUSWLL&%ﬂ?WﬂJI@iUﬂ’]i%WLLUﬂﬂ’sjiJGUE]ﬂ’]’]?,JL‘N

v v
v =

vInkavdenu@auialiniu .4 iedu asvieuliiuiadymenuliaugatuvesdeyaly

naudduIutenuloenitegetenUBauINLarTeA TRy FITenulymdingn?

'
aa o ¥

Poyalunauiniidiuiudeaudeslviddnuiisuwiiungudeainy

o a [ 6

waglainisnsdunsien



a3

MUunaedie3snis SMOTE 9ntiuhludnseaiensiseuivennios Inaluna Logistic

Regression WaalauseansAIUAITIUUNAILAITITN 4

31NA1519% 4 Wy Arrnhilunisdnunngudeninugauing s Wenivua

o

aruddushiivsnglugndenundu 20 wae 80 fussAniamluntsvusuazanalilunis

ya o

Fwunngulndidssiu winarildlunisisgiunndsdunatemi §idedanivun

Y

1Y '

a v o

W13 lwes arudtumusinglugadeaiudu 80 uwazdnisi1isnis SMOTE luldlunis

(% o v P ¥ v PN 1 Y 4

Jansziideyaieunlymdeyanliaunadusiie
deAdelanvuaaudtuinusnglugaderinuiidu 80 wuin S1uiudvie

1%
Y

nquAidugaidnuarlunisduunnguaelulueaiiisdy 1,054 andnwue faievly
afaunsndnuanuaesnuinivinaluguin wazenvnelmindymn Curse of dimension
FohbidalgmlunsUszaananasnisasisluma lewinimsiuauvuiuvestoya

Wl wagnsairslumaniddgeanunsaitliifntlam overfitting lénedu wazvinlinand

o

THlunsiesesideyad sy eudlamdsnaniisedainihnsand uiunudnvay
aeluluimaaausfmensusnuanuiuulsvesgadnvasiiinululueanissuunngui
Tagld Principal Component Analysis (PCA) @sfinsrimunfesazvosnnufiunlsves

Auanvaznadululuwanissuundudsil Sesay 100 Soway 95 Sesar 90 uariouaz

85 lnedlsnuazldunmnIunIs1en 5

] a a o v IS 1 v P
M99 5 wansusezansnmilunsauunysannuasdannny lnelianuuanasn U Wiaswnan

AMuRuLUsYaIRanesinndunglulamanisyinuneg (Explained Variance Ratio)

Explained . Recall
71U Average acc 1381
Variance ) Acc |
_ 23AUsznay | (Std acc) | Negative | Neutral |  Positive ()
Ratio
1 1054 671 (0.024) 71 61 .59 .63 75
0.95 817 .669 (0.024) 72 61 .60 .64 55
0.9 681 .669 (0.025) 71 .60 .60 .63 36
0.85 383 .668 (0.024) 72 .56 .62 62 24




aq

' v
a '

1nM5197 5 Giseidendosarvesnnuiuuusvesnudnvusiiindululumanis
Fuunifu 90 Felldruiunndnvazvesdviengudegiiuiu 681 gudnuay 1esn
Anadseugndedunisiunediatlng fuyndeyaiifevaranuiundsueanmudnuny o
a 100 yudsrauhlunsuunngudernuideandalndidssiulszina .60 Fadiuld
#ai1 lovinisandruiunudnwurlulinadieds PCA wdUsgansamlunisdiuun

Uszinnvastannuldlauandsfiuiuumsndaaudnuaensii

Y ]
a v o A

FefAteldrmuaauitusfivnnglugateanuiidu 80 andruaugudnuue
aelulinaaswaes PCA Tnefmunliiesasanuiunlsvosnadnuusiiiniululuina
mssuuniu 90 wagiin1snns SMOTE luldlunisdmnszvideyailourdamdeyad
launaiuwds vligadeyadwiunsveaeufidnuiu 34,239 deau lnewvadu deniu
Beuan YemnuiBeau wardennuilunandiuaunguas 11,413 foan1u wirfunnngy

ANUANA 7

B rgw dataset B with SMOTE

neutral

negative

positive

0 2,600 5,000 7,600 10,000 12,600

Al 7 waupiiuanssuauyadendnauiu (raw dataset) Suunaalssamvasdanany
wazyatannuilldainnszuaunns SMOTE
(2) wamslanzinsataauanunzIndanuielunanguil 2
Tunmsiessiiieduunainuidnvesdenimlaeliluma Multilingual Universal
Sentence Encoder thu 33ul4laus1d tensorflow lunsutastornuitifunnlngdnsia

2 o = % A a ¢ = o % o a
LUU@?Lﬁ%LW@IGﬂUﬂqiaT‘NIMLﬂaLW@'JLﬂi']%W (encoder) @9@1u150d@51 0 JuYauaN

Y
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[

Auanwae Meluluean1sSeuidnlin 512 audnvae dmsuteyagailnduddiuiu

Uaya 20,377 vihetoya uardmiudeyayanadeuiiteya 3597 miiedoya

(3) wamslanzinsataaudnuuzandannudelunangui 3

Tunadi 9 Long short-term memory (LSTM)

Tuwna Long short-term memory wie LSTM 1ulunadifinauaiunsalunis
Anrgianuidnlfgdannsdmivteyaidvuinlng lnedideldinmegianuianlagld
lumanisiFousidednlasstneyssamifisnuulausid tensorflow Wevinsdadideyaya
Hadu Ineiinualinisusuan Latency TriAuunudennnunsatey (Buffer size) 11y
10,000 sample LLazﬁmumf\Tm’miﬂaﬂﬁisi’faa;ljaﬁﬁ]ﬂﬁ Optimiser lunianss (Batch size)
Wiy 64

diethdeyayarndulinIasinsteuitazaiannmeivestaauinliaisaaiia

v o o

uuadeiAnIlYdmsunsSeudigednasadl 25,630 A1 anduihdeanuluudazeily

[y [y o

' o ca val & ¥ ¥ ! < v v o o 3
vanuAAnIlaSeusLludesiu denuluudazuatazgnuvanduduavluadsmdng

Wunnwes

Tuwnadi 10 Bidirectional Encoder Representations from Transformer (BERT)

Bidirectional Encoder Representations from Transformer L“fJuiﬂJLﬂamiL%EJuil,%ﬂﬁﬂ
AT un el lunisUsEaianan1w15550ER (NLP) aneldnseunisyianuses
Transformer e?fqmzmumﬂumﬁLm’wﬁf&"}Lmﬂmmif%”ﬂmﬂ%’am’mﬁlé{mﬂmzmumiﬁf\i”]

Amalagliniseuiiednmemaia BERT §3delalilausnd tensorflow Usenauivluga

transformers LA ILIUAITIATIZATLUNAIINTZUIUNITHN 9 ASLl

SUAUINNYIINT pre-processing UOAMUAIIANAINIDAA stopword 88N 1AL

] o o 6 1 £ % [ (Y v o o (3 -] . .
inAdnnlunnazdeniuluyin encoder AumasAIANT 1awiin tokenizer U949 pretrained

% 13

luwaniivainvatsniwn wazidenld “bert — base — multilingual - cased” \Junderfnm

g

dmsums Weudasmdnidy q idudiavdmsuiluldlunisadslune Tneadreduau

U a p 4

v o o ecagyo a = o & ° v o o
ﬂmmﬂwmﬂﬁjaﬁwiumiwﬂugLﬂjﬂaﬂﬂiﬂu 119,547 A1 LLaglﬂﬂqﬂummuqﬂaﬂ@Qﬂmaﬂ‘l‘f}mg

Meluliinan1sSeuiidednlin 512 audnwee
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AU 2 HANIFAATIZIENTITHAINITIAANTTIATIERDTsHlAT lUTREEUAINAITAATIER

o

yeg v av v a ¢ Y o v a v a
ﬂ')qﬂlgﬂﬂN'Tlﬁlaﬂ'J']ll‘Vﬂaﬂﬁ]']ﬂﬂ']i')Lﬂﬁ'lz‘l’iﬂ']iiﬁ]'lﬂ']WUﬂIﬂﬂi’ﬂﬂ'ﬁlﬁﬂug?‘la\ilﬂia\i

Y

AIdglevihnsiaunluwalunsiesesionsuaivesaslutussulagldnseuives

M504 10 JLna 1elisneazdanvadlinananuaNiglunITASIE AURISI9N 6

A15199 6 51982 UAVBILULAANINUANTIYIUN1ITIALATIZTIILUNDISUAlaINTaA2U

N3OUNIAILDVBIIULAA IUNITHVYUTIBTUNANTITIATIZH

TuLaa Pretrained
Multilingual
4 | NAuvas . _ ) y . fndavag
Tuinad Universal | Bert -base - | 13 0ailélunissuun
Lo Taifi Sentence | multilingual- Lo
Encoder cased
(MUSE)

1 v Logistic Regression (LR) LR
2 v Naive Bayes (NB) NB

1 Support Vector Machine
3 v SVM

(SVM)

4 v Random Forests (RF) RF
5 v Logistic Regression (LR) LR + MUSE
6 v Naive Bayes (NB) NB + MUSE

2 Support Vector Machine
7 v SVM + MUSE

(SVM)
8 v Random Forests (RF) RF + MUSE
Long short-term
9 v LSTM
memory (LSTM)

3 Bidirectional Encoder

10 v Representations from BERT
Transformer (BERT)
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=

1. wanisdesginaiaulinanisinssvionsuaiaglutueuvadduaalungy

1 uag 2
doatanudnumraindennuinGeviosuds lunansieseiesualagluiugeu
naud 1 uar 2 fanuadiadstunssililinanisSouivenaieaniuunersuiagludy

o ¥

Sewmilauiu FanenainisaianuanyugIndeny Tuwsazluwanisdiune1sualain

1 Ya

tepnuilamesnsfiwesiuey giduladinisrumlamesnisfiwesivdaumunzay
wnfganlen1siiileidu GridSearchCV lagluiaad (1) fis (8) Asrvazidunvaslames
W93 wazAaduveIrULugTluniweievinns cross validation 1Wuguau 5

50U WUMUAITIN 7

A15199 7 udaslunanazsigazideanisusulamesnisfiwmesiulunanazuseansninty

mauunUssmdaninailaanmsii cross validation 31w 5 59U vangulinai 1 uae 2

r v . e ua ALRREANNQNADY
Tamah fngavaslung lawasnisnimasnusu .
Tun1s¥1 CV 5 s9U

'C: 10, 'penalty: 12" wag 'solver":

1 LR 677
"liblinear'

2 NB ‘alpha’ 1 .606

3 SVM 'C": 1000 way 'kernel’: 'rbf' .709

'criterion”'gini', 'max_depth"8,
4 RF 'max_features": 'sgrt' wLag 634

'n_estimators": 2000

'C: 1, 'penalty”: '12' g 'solver":

5 LR + MUSE 112
"liblinear'

6 NB + MUSE ‘alpha" 0.1 .602

7 SVM + MUSE 'C": 1000 way 'kernel’: 'rbf' 716

‘criterion’: 'gini',’max_depth": 8,
8 RF + MUSE 'max_features': ‘auto, .687

'n_estimators": 20
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Tuadi 9 Long short-term memory (LSTM)
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DUV
- loss acc Validation loss | Validation acc
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1 8232 6473 7161 7014
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3 4249 8327 1692 .7053
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SUVDY
- 4 loss acc Validation loss | Validation acc
ASHANUN
1 0.8491 0.6146 0.7580 0.6525
2 0.7422 0.6742 0.7590 0.6832
3 0.6765 0.7035 0.7797 0.6632
1NA15199 9 AziuTn WeRa1sanan loss luseuvesnisinduusazsouazLiudn

/1 loss Suwilifuanaslneiduann 8491 .7422 uaz 6765 Tuwauzil Validation loss w3een
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Precision Recall F1- measure
Tunadl Tuina Accuracy

Nes | Neu | Pos | Neg | Neu | Pos | Nes | Neu | pog
9 LSTM 71 I A2 g e o R 1 .82 40 69 a7 47
10 BERT .68 g1 | 72 | 48 | .65 7 44 .68 75 46
7 SVM + MUSE .68 63 | 85| 25 | .66 .70 .64 .65 77 .35
5 LR + MUSE .68 63 | .84 | .27 | .66 .70 .60 64 76 37
3 SVM .66 67 | .69 | 53 | .67 75 43 67 72 .48
8 RF + MUSE 64 40 | 93 | .08 | .70 12 75 51 75 15
1 LR 62 g1 | .59 | 59 | .62 7 40 .66 67 48
il RF .60 64 | 65| 38 | 54 .69 41 59 67 .39
2 NB 59 67 | 56 | 54 | 57 75 .36 62 .64 43
6 NB + MUSE 55 .00 |1.00| .00 | .00 .55 .00 .00 71 .00
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Teacher's Emotion in Classroom
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Speech Recognition

install module

'pip
'pip
'pip
lpip
lpip
lpip

!pip

impo
from
from
from
from
from

impo

from

driv

def

newl

with

install SpeechRecognition
install moviepy==1.0.3

install imageio==2.4.1

install imageio-ffmpeg

install --upgrade imageio-ffmpeg
install pydub

install pythainlp

rt speech recognition as sr

csv import writer
moviepy.editor import *

pydub import AudioSegment
pydub.utils import make chunks
time import sleep

rt os

google.colab import drive

e.mount ('/content/drive')

save (text)

ine='"',encoding='utf-8') as file:
writer obj = writer(file)

writer obj.writerow([text])

def MP4ToMP3 (mp4) :

type = mpd.split (".") [1]

mp3 = mpé4.replace (type,".wav")

FILETOCONVERT = AudioFileClip (mp4)

FILETOCONVERT.write audiofile (mp3)

open ('/content/database/data from folder.csv',
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FILETOCONVERT.close ()

direc = "/content/workspace" #only MP3
r = sr.Recognizer ()
for filename in os.listdir (direc):
f = os.path.join(direc, filename)
if os.path.isfile (f):
sound = AudioSegment.from file(f, format="mp3")

chunks = make chunks (sound, 55000)

for i, chunk in enumerate (chunks) :

chunk.export(f"/content/Temp/(ﬁu%uLwav",
format="wav")

Text Result = ""

direc = "Temp"
r = sr.Recognizer()
sleep(2)

for filename in os.listdir (direc) :
f = os.path.join(direc, filename)
# checking if it is a file
if os.path.isfile (f):
with sr.AudioFile(f) as source:
try:
audio = r.record(source)

text = r.recognize google(audio
= "th-TH")

Text Result += text
except: pass
os.remove (f)

sleep(1l)
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print (Text Result)
save (Text Result)

sleep(2)
import pandas as pd
path = "/content/data text/textOl.csv"
df text0l = pd.read csv(path)
df textOl.info()
# collect data from file in 1 period
tXt j— mwn
with open('/content/data text/text0l.csv', 'r') as file:
csv_reader = csv.reader (file)

next (csv_reader)

for row in csv_reader:

txt += row[1l]

print (txt)

y = df text.Class.value counts()

mylabels = [ "Neutral", "Negative", "Positive"]

mycolors = ["#BOEOE6", "#FF6347", "#90EE90"]

myexplode = [0, 0.15, 0]

plt.pie(y,labels = mylabels, explode = myexplode, colors =
mycolors)

plt.show ()



word cloud
!lpip install wordCloud
import pythainlp

from pythainlp import word tokenize

from pythainlp.corpus import get corpus # for getting stopwords

import wordcloud

from wordcloud import WordCloud

import matplotlib.pyplot as plt
import numpy as np

import re

Sgmatplotlib inline

sconfig InlineBackend.figure format='retina'

print (f'wordcloud version: {wordcloud. version }'")

print (f'pythainlp version: {pythainlp. version }")

words = word tokenize (text)

print (words)

all words = ' '.join(words) .lower () .strip()
all word = re.sub('(\n|\s{2})', '', all words)

all words[:-1]

stopwords = pythainlp.corpus.thai stopwords/()
# print (stopwords)

stopwords=set(list(stopwords)).union({'ﬁ', Taw',

Taa', "we' 1)

print (stopwords)

1
14

(ah)

\l
14



path = 'THSarabunNew.ttf'

'wget

unzip THSarabunNew.zip

wordcloud = WordCloud (

plt
plt
plt
plt

plt

font path=path,

regexp= r"[n-«']+",
fregexp = r" [n-«a-zA-Z']+",
min font size=1,
background color="white",
max words=1000,

scale=3,

font step=5,

contour color='steelblue',
collocations= False,
stopwords = stopwords,
width=2000, height=1000,

# width=400,height=200,
prefer horizontal=l,

# max words=75,
colormap='viridis', # default matplotlib colormap
# colormap='winter',
colormap='gist heat',

# mask =mask

) .generate (all words)
.figure(figsize = (10, 9))
.imshow (wordcloud)
.axis('off")

.tight layout (pad=0)

.show ()

# neg - gist heat, , total - plasma, pos- PuRd , neu

https://www.f0nt.com/download/sipafonts/THSarabunNew.zip

- winter
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Wisesight Sentiment Analysis Dataset

'wget https://github.com/PyThaiNLP/wisesight-
sentiment/archive/master.zip; unzip master.zip

'mv wisesight-sentiment-master/kaggle-competition/*
!pip install tensorflow text

'pip install
https://github.com/PyThaiNLP/pythainlp/archive/dev.zip

'pip install emoji

Ils

import locale
def getpreferredencoding(do setlocale = True):
return "UTF-8"

locale.getpreferredencoding = getpreferredencoding

import pandas as pd

import numpy as np

from pythainlp import word tokenize
from tgdm import tgdm notebook
import re

import emoji

#viz
from plotnine import *
import matplotlib.pyplot as plt

import seaborn as sns

Text Processor for Logistic Regression

def replace url (text):

URL PATTERN = r"""(?i)\b((?:https?:(?:/{1,3}|[a-2z0-9%]) | [a-
z0-9.\-
]+[.] (?:com|net|orgledulgov|mil|aerolasialbiz|cat|cooplinfolint]]j

obs|mobi |museum|name |post|pro|tel|travel |xxx|acladlaelaflaglailal
lam|anl|aolaglar|as|at|aulaw|ax|az|ba|bb|bd|be|bf|bg|bh|bi|bj|bm|b
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nlbo|br|bs|bt|bv|bw|bylbz|calccl|cd|cf|cglch|ci|ck|cl|cm|cn|colcr]
cs|culcv|cx|cyl|cz|dd|de|dj|dk|dm|do|dz|ec|ee|eg|eh|er|es|et|eu]| fi
[£jlftk[fm|folfrlgalgblgdlgelgfigglghlgilgligm|gn|gplgglgrigs|gtlg
ulgw|gylhk|hm|hn|hr|ht|hu|id|ie|il|im|in|ioliglir|is|it|jeljm|jo]
Jplkelkglkh|ki|km|kn|kp|kr|kw|kylkz|la|lb|lc|li|lk|lr|ls|lt|lul|lv
|ly|ma|mc|md|me|mg|mh|mk|ml |mm|mn|mo|mp|mg|mr|ms|mt|mu|mv|mw|mx|m
ylmz|nalnc|ne|nf|ng|ni|nl|no|nplnr|nulnz|om|palpel|pf|pglphlpk|ipl]
pnlpn|prlpsiptlpwlpylgalre|ro|lrs|ru|lrw|sa|sb|sc|sd|se|sglsh|si]|s]
|Jal|skl|sl|sm|sn|solsr|ss|st|sulsv]sx|sylsz|tc|ltd|ltfltglth|t]j|ltk]|t
lltm|tn|toltpltr|tt|tv|tw|tz|ualug|uk|us|uyluz|valvc|vel|lvg|vi|vn]|
vulwflws|yelytlyulzalzm|zw) /) (2: ["\s O)O<>{INI\IT+IN(["\s ()T 2\ (["\
sOTH\) [I™"\s O 1*2\) IN(["\s]+2\) )+ (2:\(["\s O 1*2\(["\s () I+\) ["\s ()]

FON)INCIANsTH2N) [ [A\s PONINT{}re""e,<o2en™ M ]) | (2:(2<!@) [a-2z0~-
9]+ (?:[.\-1[a-z0-
91+)*[.] (?:com|net|org|ledu|lgov|mil|aerolasialbiz|cat]|coop|infol|in

t]jobs|mobi|museum|name|post|proltel]|travel |xxx|acladlaelaflaglai
lallam|anlaolaglarlas|atlaulaw|axlazl|balbb|bd|be|bf|bg|bh|bi|b]jlb
m|bn|bo|br|bs|bt|bv|bw|byl|lbz|calccl|cd|cf|cglch|ci|ck|cl|cm|cn]|co]
crlcs|culcvicx|cylcz|dd|de|dj|dk|dm|do|dz|ec|eeleg|eh|er|es]|et]|eu
[filfjlftklfm|folfrigalgblgdlgelgfigglghlgilgligmignigplgalgrigsl|g
tlgulgw|gylhk|hm|hn|hr|ht|hu|id|iel|il|im|in|iol|iglir|is|it|jeljm]|
Jol|ljplkelkglkh|ki|km|kn|kp|kr|kw|kyl|lkz]|la|lb|lc|li|lk|lr|ls|lt]|lu
[1lv|ly|ma|mc|md|me|mg|mh|mk|ml |mm|mn|mo|mp|mg|mr|ms|mt|mu|mv|mw|m
x|my|mz|nal|nc|ne|nf|ng|ni|nl|no|np|nr|nulnz|om|palpelpfl|pglph|pk]
pllipmlpnlpripsiptipwlpylgalrelrolrs|rulrw|salsblsc|sd|selsg|sh]|si
|sjlJalsk|sl|sm|sn|so|sr|ss|st|sulsv|sx|sylsz|tcltd|tf|ltglth|t]lt
kitlltmltn|toltpltrittitv]tw|tz|ualugluk|us|uyluzl|valvec|vel|vg]|vi]|
vn|vulwf |ws|yelyt|yulzalzm|zw)\b/2(2!@)))"""

return re.sub (URL PATTERN, 'xxurl', text)

def replace rep (text):
def replace rep(m):
c,cc = m.groups ()
return f'{c}xxrep'
re rep = re.compile(r'(\S) (\1{2,})")

return re rep.sub( replace rep, text)

def ungroup emoji (toks):
res = []
for tok in toks:
if emoji.emoji count (tok) == len(tok):

for char in tok:



res.append (char)
else:
res.append (tok)

return res

def process text (text):

#pre rules

res = text.lower () .strip()

res = replace url (res)

res = replace rep(res)

#tokenize

res = [word for word in word tokenize(res) if word and not

re.search (pattern=r"\s+", string=word) ]

#post rules
res = ungroup emoji(res)

return res

Process Text Files to CSVs
with open('/content/train.txt') as f:
texts = [line.strip() for line in f.readlines()]

f.close ()

with open('/content/train label.txt') as f:
categories = [line.strip() for line in f.readlines()]

f.close ()

all df = pd.DataFrame ({'category':categories, 'texts':texts})
all df.to _csv('all df.csv',index=False)

all df.shape
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all df.head()

import pandas as pd

df text = pd.read csv('/content/data total2.csv')
df text = df text.rename ({'Unnamed: 0':'texts', 'Unnamed:
1':'0ld cat','Me': 'category'}, axis=1)

df text.info()

all df.drop(all dff[all df['category'] == 'g'].index, inplace =
True)

all df.category.value counts () .plot.barh()
plt.show ()

print (all df.category.value counts (), all df.info())

total=pd.concat([all df,df text], ignore index = True)

total.head()

total.category.value counts().plot.barh()
plt.show ()
print (total.category.value counts())

total.to csv('all df.csv',index=True)

Load Data

all df = pd.read csv('/content/all df.csv',encoding="utf-8")
all df.category.value counts().plot.barh()

plt.show ()

all df.info()

#prevalence

all df.category.value counts() / all df.shape[0]
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Train-validation Split
from sklearn.model selection import train test split

train df, valid df = train test split(all df, test size=0.15,
random state=1412)

train df = train df.reset index(drop=True)
valid df = valid df.reset index(drop=True)
#prevalence

print (train df['category'].value counts() / train df.shape([0])

#prevalence
print (valid df['category'].value counts() / valid df.shape[0])
Create Features

#dependent variables

y _train = train df['category']

y _valid valid df['category']
#text faetures
from sklearn.feature extraction.text import TfidfVectorizer

from sklearn.linear model import LogisticRegression

#text faetures

tfidf = TfidfVectorizer (tokenizer=process_ text,
ngram range=(1,2), min df=80, sublinear tf=True)

tfidf fit = tfidf.fit(all df['texts'])

text train = tfidf fit.transform(train df['texts'])
text valid = tfidf fit.transform(valid df['texts'])
# text test = tfidf fit.transform(test df['texts'])

text train.shape, text valid.shape

from sklearn.preprocessing import StandardScaler



scaler = StandardScaler ()
scaler fit = scaler.fit(all df[['wc', 'uwc']].astype (float))
print(scaler fit.mean , scaler fit.var )

num train =
scaler fit.transform(train df[['wc','uwc']].astype (float))

num valid =
scaler fit.transform(valid df[['wc','uwc']].astype(float))

# num test =
scaler fit.transform(test df[['wc', 'uwc']].astype (float))

num_train.shape, num valid.shape

#concatenate text and word count features

X train = np.concatenate([text train.toarray()],axis=1)

X valid np.concatenate ([text valid.toarray()],axis=1)

X train.shape, X valid.shape

Xdf train pd.DataFrame (X train)

Xdf valid

pd.DataFrame (X valid)

Reduce Dimension by PCA

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns
Smatplotlib inline

sconfig InlineBackend.figure format='retina'

from sklearn.decomposition import PCA

from sklearn.preprocessing import StandardScaler # z-score

import random
random.seed (123)
pca = PCA(n_components = 0.90)

pca.fit (Xdf train)



pca.n components

# pd.DataFrame (pca.transform(Xdf train)).info

X train pd.DataFrame (pca.transform(Xdf train))

X valid pd.DataFrame (pca.transform(Xdf valid))
X train.head()
X train.to csv('X train.csv',6 index=True)

X valid.to csv('X valid.csv',index=True)

pca.explained variance
random.seed (123)

pca = PCA(n_components=681)
# pca = PCA(n components=2)
pca.fit transform(Xdf train)

print (f'explained variance (n_components={pca.n components}) =
{pca.explained variance }') # Eigenvalues

print (f'explained variance ratio
(n_components={pca.n components}) =
{pca.explained variance_ratio }')

print (f'sum explained variance ratio =
{np.sum(pca.explained variance ratio )}')

def scree plot (X, n components, with cumulative=False,
show data label=False, figsize=(10, 7)):

LI B |

PCA scree plot with cumulative
T
scaler = StandardScaler ()

X t=scaler.fit transform(X)

max_components = min (X.shape)
x=np.arange (1, n_components+l)

pca = PCA(n_components=max components)



pca.fit transform(X t)

yl=pca.explained variance ratio [:n_ components]

y2=np.cumsum (pca.explained variance ratio ) [:n components]

plt.figure(figsize=figsize)

if n components > 1000:
marker = None
else:

marker = 'o'

if with cumulative:

plt.plot(x, y2, linestyle='--', marker=marker,

label="cumulative', color='salmon')

plt.plot(x, yl, linestyle='-', marker=marker,
label="individual', color='deepskyblue')

plt.title('explained variance ratio')

plt.xlabel ('# of components')

plt.ylabel ('proportion of variance explained')

plt.legend()

if with cumulative:

[plt.axhline (y=x1, color='.7', linestyle='--")
P Yy

[.8, .9, .95, 111

plt.grid(axis="x")

if show _data label:

for x1 in

for n, v, cv in zip(np.nditer(x, flags=['refs ok']),

np.nditer(yl, flags=['refs ok']),

np.nditer(y2, flags=['refs ok'])):

# plt.text(n+.02, v+.02, f£'{v*100:.2f}%"',

fontsize=10)
if with cumulative:

pass
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# plt.text(n+.02, cv+.02, f£'{cv*100:.2f}%"',
fontsize=10)

random.seed (123)

scree plot (Xdf train, 681, False, False)

imbalance dataset

from pandas import read csv

from imblearn.over sampling import SMOTE

from collections import Counter

from matplotlib import pyplot

from sklearn.preprocessing import LabelEncoder

from imblearn.over sampling import ADASYN

# label encode the target variable
y = LabelEncoder () .fit transform(y train)
# transform the dataset
# summarize distribution
counter = Counter (y)
for k,v in counter.items () :
per = v / len(y) * 100
print ('Class=%d, n=%d (%$.3f%%)' % (k, v, per))
# plot the distribution
pyplot.bar (counter.keys (), counter.values())

pyplot.show ()

X train res, y train res = SMOTE().fit resample (X train, y train)

counter = Counter(y train res)
for k,v in counter.items() :
per = v / len(y) * 100

print ((k, v, per))

# plot the distribution



pyplot.bar (counter.keys (), counter.values())

pyplot.show ()

y _train res pd.DataFrame (y train res)

X train res =pd.DataFrame (X train res)

Fit Model

# evaluate multinomial logistic regression model

from numpy import mean

from numpy import std

from sklearn.datasets import make classification

from sklearn.model selection import cross val score

from sklearn.model selection import RepeatedStratifiedKFold

from sklearn.linear model import LogisticRegression

# base
#fit logistic regression models

model = LogisticRegression(multi class='multinomial',
solver="'1lbfgs")

cv = RepeatedStratifiedKFold(n splits=10, n repeats=3,
random state=1)

n_scores = cross_val score(model, X valid, y valid,
scoring='accuracy', cv=cv, n_jobs=-1)

model.fit (X train,y train)
model.score (X valid,y valid)

print ('Mean Accuracy: %.3f (%.3f)' % (mean(n_ scores),
std(n_scores)))

# pca model+ imbalance
#fit logistic regression models

model = LogisticRegression(multi class='multinomial',
solver="'1lbfgs")

cv = RepeatedStratifiedKFold(n splits=10, n repeats=3,
random state=1)
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n_scores = cross_val score(model, X valid, y valid,
scoring='accuracy', cv=cv, n_Jjobs=-1)

model.fit (X train res,y train res)
model.score (X valid,y valid)

print ('Mean Accuracy: %.3f (%.3f)' % (mean(n_scores),
std(n_scores)))

GridSearchCVv

# 1 SVM

model params = ({
'svm': |
'model': svm.SVC (gamma='auto'),
'params' : {

'C': [10007,
# 'C': [2000,3000],
# 'kernel': ['rbf']
# 'C': [0.6,0.7,0.8,0.9,1]

'kernel': ['rbf']

H}

# 2 RF
model params = ({
'random forest': {

'model': RandomForestClassifier (),

'params' : {
'n_estimators': [500],
# 'n _estimators': [500],
'max_ features': ['auto', 'sqgrt', 'log2'l],
'max_depth' : [8],
# 'max depth' : [4,5,6,7,8],

'criterion' :['gini', 'entropy']
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H}

# 3 logistic Reg

model params = ({
'logistic regression' : {
'model': LogisticRegression(multi class='auto'),
'params' : {
'¢': [0.001, 0.1, 1, 10, 1007,
'penalty': ['11', '12'],
'solver': ['lbfgs', 'liblinear']
b}
# 4 NB
model params = ({
'naive bayes multinomial': {

'model': MultinomialNB(),
'params': {

'alpha' : [0.1, 0.01,0.001, 0.0001]

}}

random.seed (123)

scores = []

for model name, mp in model params.items() :

clf = GridSearchCV (mp['model'], mp['params'], cv=5,
return train score=False)

# clf.fit (X train res,y train res)
clf.fit (X train res2,y train res)
clf.score(X valid2,y valid)
scores.append ( {

'model': model name,
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'best score': clf.best score ,

'best params': clf.best params

df =
pd.DataFrame (scores, columns=['model', 'best score', 'best params'])

df

# SVC
random.seed (123)
parameters = {'kernel': ['rbf'], 'C': [1000]}

model = GridSearchCV (estimator=SVC (gamma = 'auto'),
param grid=parameters, cv= 5, return train score=False)

model.fit (X train res2, y train res)

model.score(X valid2, y valid)

# RF

random.seed (123)

parameters = {'n _estimators': [2000], 'max features': ['sqgrt'],
'max _depth' : [8], 'criterion' :['gini']}
model = GridSearchCV (estimator=RandomForestClassifier(),

param _grid=parameters, cv= 5, return train score=False)
model.fit (X train res2, y train res)

model.score (X valid2, y valid)

# NB
random.seed (123)
parameters = {'alpha' : [0.1,1,10]}

model = GridSearchCV (estimator=MultinomialNB (),
param _grid=parameters, cv= 5, return train score=False)

model.fit (X train res2, y train res)

model.score (X valid2, y valid)
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# LR
random.seed (123)

parameters = {'C': [10], 'penalty': ['1l2'], 'solver'
['"liblinear']}

model =
GridSearchCV (estimator=LogisticRegression(multi class='auto'),
param _grid=parameters, cv= 5, return train score=False)

model.fit (X train res2, y train res)

model.score (X valid2, y valid)

N15ASIRERUUSEANS A TWVBLlUNE

from sklearn.metrics import accuracy score, precision score,
recall score, fl score, confusion matrix

from sklearn.model selection import cross val score

from sklearn.metrics import classification report

pred = model.predict (X valid2)

print (confusion matrix(pred,y valid))

print (classification_report (pred,y valid))

from sklearn.metrics import confusion matrix,
ConfusionMatrixDisplay

cm = confusion matrix(y valid, pred)
disp = ConfusionMatrixDisplay(confusion matrix = cm)

disp.plot ()

Deep Learning

Multilingual Universal Sentence Encoder
import tensorflow hub as hub

import tensorflow text

import tensorflow as tf #tensorflow 2.1.0
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enc = hub.load('https://tfhub.dev/google/universal-sentence-
encoder-multilingual/3")

valid df2 pd.DataFrame (valid df['texts'])

train df2

pd.DataFrame (train df['texts'])

X trains = []
X tests = []

bs = 10

for i in tgdm notebook (range (y valid.shape[0]//bs+1)):

X tests.append(enc(valid df2.texts[(i*bs) : ((i+1) *bs)]) .numpy())

for 1 in tgdm notebook (range (y train.shape[0]//bs+1)):

X trains.append(enc(train df2.texts[ (i*bs): ((i+1l)*bs)]) .numpy())

X test = np.concatenate (X tests,0)
X train = np.concatenate (X trains,0)

X train.shape, X test.shape

from sklearn import svm

from sklearn.ensemble import RandomForestClassifier
from sklearn.linear model import LogisticRegression
from sklearn.naive bayes import GaussianNB

from sklearn.naive bayes import MultinomialNB

from sklearn.tree import DecisionTreeClassifier
from sklearn.model selection import GridSearchCV
import pandas as pd

import random

from sklearn.preprocessing import MinMaxScaler #fixed import



scaler = MinMaxScaler ()
X train2 = scaler.fit transform(X train)

X test2 = scaler.transform(X test)

A1% tunning hyperparameters @18 GridSearchCV wazn15ns13&8au
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RNN LSTM
import tensorflow as tf
def process text rnn(text):

#pre rules

res = text.lower () .strip()

res = replace url (res)

res = replace rep(res)

#tokenize

res = [word for word in word tokenize(res) if word and not

re.search (pattern=r"\s+", string=word)]

#post rules

res = ungroup emoji (res)

return ' '.join(res)

BUFFER SIZE = 10000

BATCH SIZE 64

text train = [' '.Join(x.split('|')) for x in
train df['processed'].values.tolist ()]

text valid = [' '.join(x.split('|"')) for x in
valid df['processed'].values.tolist ()]

word count = []



for sent in text train:
for w in sent.split():

word count.append (w)

VOCAB SIZE = len(set (word count))

encoder =
tf.keras.layers.TextVectorization (max tokens=VOCAB SIZE)

encoder.adapt (text train)

vocab = np.array(encoder.get vocabulary())
vocab[:20]

y _train = train df['category']

y _valid = valid df['category']

y class = ['neg', 'neu', 'pos']

from sklearn import preprocessing

from tensorflow.keras.utils import to categorical

le = preprocessing.LabelEncoder ()
le.fit(y_class)

y _train = le.transform(y train)

y val = le.transform(y valid)

y _train = to categorical(y train)
y val = to categorical(y val)

print (y train.shape)

model = tf.keras.Sequential ([
encoder,
tf.keras.layers.Embedding (
input dim=len (encoder.get vocabulary()),
output dim=512,

# Use masking to handle the variable sequence lengths
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mask zero=True),
tf.keras.layers.Bidirectional (tf.keras.layers.LSTM(256)),
tf.keras.layers.Dense (128, activation='relu'),

tf.keras.layers.Dense(y train.shape[l], activation='softmax')

model.compile (loss="'categorical crossentropy',
optimizer=tf.keras.optimizers.Adam(le-4),

metrics=['accuracy'])

Istm = model.fit (np.array(text train), y train,
validation data=(np.array (text valid), y val), epochs=10,
verbose=2)

value = model.predict (np.array(text valid))

y val pred np.argmax (value,axis=1)

y val true np.argmax(y val,axis=1)

print (classification report(y val true, y val pred))
BERT
'pip install transformers

'pip install datasets

'pip install --upgrade --force-reinstall --no-deps transformers

'pip install --upgrade --force-reinstall --no-deps datasets

'pip install --upgrade --force-reinstall --no-deps
huggingface hub

!'pip install --upgrade --force-reinstall --no-deps pyarrow

from datasets import load dataset,DatasetDict
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from transformers import
AutoTokenizer, TFAutoModelForSequenceClassification

import tensorflow as tf
import numpy as np
import matplotlib.pyplot as plt

import pandas as pd

DATA PATH = "/content/all df.csv"

pandas_df = pd.read csv (DATA PATH)

pandas_df.head()

pandas df['texts clean'] = pandas df.texts.map (lambda x:
''".Jjoin(process_text(x)))

pandas_df.head()
df = pandas_df['category']

df = pd.DataFrame (df)

from sklearn.preprocessing import LabelEncoder

def label encoder (dataframe, column):

le = LabelEncoder ()

return le.fit transform(dataframe[column]) .astype (float)

for column in df:

df [column] = label encoder (df, column)

for 1 in df:

df[i] = label encoder (df,1i) .astype(float)

pandas_df['category'] = df['category']
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from datasets import Dataset

ds = Dataset.from pandas (pandas_ df)

ds
train test valid = ds.train test split()
test valid = train test valid['test'].train test split()
train test valid dataset = DatasetDict ({
'train': train test valid['train'],
'"test': test valid['test'],
'valid': test valid['train']

})

dataset = train test valid dataset.remove columns(['old cat',
'Chat', 'Two', 'Unnamed: 0'])

dataset

tokenizer = AutoTokenizer.from pretrained("bert-base-
multilingual-cased")

text = "Just checking tokenization"

output = tokenizer (text)

tokens = tokenizer.convert ids to tokens (output['input ids'])

print (f"Vocab size is : {tokenizer.vocab size}")

print (f"Model max length is : {tokenizer.model max length}")

print (f"Model input names are: {tokenizer.model input names}")
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def tokenize function(train dataset):

return tokenizer (train dataset['texts clean'],
padding="'max length', truncation=True)

tokenized dataset = dataset.map (tokenize function, batched=True)

tokenized dataset

train dataset = tokenized dataset['train']

eval dataset = tokenized dataset['valid']

test dataset = tokenized dataset['test']

train set = train dataset.remove columns (['texts',
"texts clean"]).with format ('tensorflow')

tf eval dataset = eval dataset.remove columns (['texts',
"texts clean"]).with format ('tensorflow')

tf test dataset = test dataset.remove columns(['texts',
"texts clean"]).with format ('tensorflow')

train features = { x: train set[x] for x in

tokenizer.model input names }

train set for final model =
tf.data.Dataset.from tensor slices((train features,
train set['category'] ))

train set for final model =
train set for final model.shuffle(len(train set)) .batch(8)

eval features = {x: tf eval dataset[x] for x in
tokenizer.model input names}

val set for final model =
tf.data.Dataset.from tensor slices((eval features,
tf eval dataset["category"]))
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val set for final model = val set for final model.batch (8)

test features = {x: tf test dataset[x] for x in
tokenizer.model input names}

test set for final model =
tf.data.Dataset.from tensor slices((test features,
tf test dataset["category"]))

test set for final model =test set for final model.batch (8)

model =
TFAutoModelForSequenceClassification.from pretrained("bert-base-
multilingual-cased", num labels=3)

# model =

TFAutoModelForSequenceClassification.from pretrained("/mnt/eOccdb
db-22c3-4d9%b-9413-fd976a2e99%ae/M1/Code Org/HF Models/bert-base-
uncased", num labels=3)

model.compile (

optimizer=tf.keras.optimizers.Adam(learning rate=5e-5),

loss=tf.keras.losses.SparseCategoricalCrossentropy (from logits=Tr
ue),

metrics=tf.metrics.SparseCategoricalAccuracy(),

random.seed (123)

history = model.fit (train set for final model,
validation data=val set for final model, epochs=10)

from matplotlib import pyplot as plt

plt.plot (history.history['sparse categorical accuracy'])
plt.plot (history.history['val sparse categorical accuracy'])
plt.title('model sparse categorical accuracy')

plt.ylabel ('accuracy')

plt.xlabel ('epoch')

plt.legend(['train', 'val'], loc='upper left')
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plt.show ()

plt.plot (history.history['loss'])

plt.plot (history.history['val loss'])
plt.title('model loss')

plt.ylabel ('loss"')

plt.xlabel ('epoch')

plt.legend(['train', 'val'], loc='upper left')

plt.show ()

test loss, test acc =
model.evaluate (test set for final model,verbose=2)

print ('\nTest accuracy:', test acc
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