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Depressive disorder classification from twitter using deep learning algorithms.
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ABSTRACT

This study focuses on the classification of depression from Twitter posts
using deep learning techniques, particularly deep learning models. Depression is a
significant issue that affects both individuals and society and can lead to severe
outcomes, including increased mortality rates. This research utilizes data from
social media to detect signs of depression and proposes a technological approach
to understand and predict depressive behavior. The study collects English-language
text data, including tweets containing hashtags that indicate symptoms of
depression, and classifies them into nine categories of depressive symptoms. The
proposed classification system aims to support efforts in early detection and
intervention for individuals atrisk of depression.
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Wuwaluladuusduiasudansglnaaufinmasauisafinaiy 39015 wazyii

A lanwnywdle esrnslutagiuiiveyade wastoauIuIueINIINYDMI9NI3

H0a1961199) LU Blwa Yomu Aernaletvadify A6le 1@ed Lagdus neldvanduas NLP

ieUsriianatayaillngdnludd Ainsemaninviennueiuludoniny uaznauausinis

doansvesuyuduuuEalng (7]

LLu’m’1\‘1m'ﬁ‘LJizmaNa%agaslul,%\m’m%iimma (Natural Language Processing - NLP) 3inag

Usznaumiuautunaumnan Ae Preprocessing, Modeling), taz Results A4il
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1) Preprocessing:
Tokenization: Msuusteanuluniiesgesfisunin Token wwu M, Uselen,
N o W d' v v, X

iefones Wieliamnsaussuanaladedu

N5aUAISNYINLALATIATOINNIE: L1 LATBINLIEITIANDY, LATOINULAING,
v v a ) £
AINYINLAY LUUAY

o o [y a1 Y Y] | a a

nsienedmsunnliinsIuIsIAtaY WU pMwlnerien1wIu

msulasindsdoidumnuniianuiemfusilve: ietdesiunsuanueze
i o oA Y v & Yo a I A v a & ! 1Y)
asfuLllosansmtdsdedinsladmnunlnguiomRuniantana iy

Part-of-Speech Tagging (POS Tagging): N3z uN1sluNIssE LAy
wsoanNeUTEINYeIAluUsElen FsUszinnusAvatidnisenan "Part of Speech”
(POS) Wy AU (noun), AIN3E (verb), AAaAnY (adjective), AdkAwal (adverb) 1usiu

Lemmatization: \Junszuiunmsudasebioglugunuuiugiu (Lemma) vise
JULUUNAWILATHN B9inea7n Stemming Milunsdnaiiteliladsnd (Root form) Tae
Lemmatization A¥NTUIFURUUVBIAILAZANLVNIENISLIINTAL WU tense wag part of
speech \aklasAlvignAaemIuAIILmaneg

2) Modeling:

Word Embeddings (n38lsdn): nsudaselegluguiuuaninesnilamiuming
FaeiulsgansninlunisinnisAdninazanunuievesUsylen

luean1siniunuszian (Classification Models): Tuwnanlglun1sduwunyszian
Fonueonluninvyyiseussnneing 4gu MIlaseinguiun, N33 uuNnuInLYs,
NI9N1TIMUADITNAL (sentiment analysis)

lueanisutaniw (Translation Models): Tuwnanlalunisuaniwrainnie
nilelugennrewanils 1Wu Google Translate, latnanisiuadoninuanizises

lunanisas1sUselon (Text Generation Models): lamanldasnausylonnse
JoruilmilagdnedsandeyaiFeus Wy lnanldasnstornulavainniaunainy

3) Results:

nsUssiiunayszavsnmaesliag (Model Evaluation): Mmsldyadeyanaaeu
Wedauszansninvesiuna lngltiunsnimangas 1wy Accuracy, Fl-score, Precision,

Recall



nsi Ul (Application): msiluwmanlanaansalulaolusuass wu ns
USuusanisuimsgnamesulal, nsianisteyadeansnieluesdng, visemsiauikeundia

FUATUAYUNIYTTTU

nsUsealanateyaludis NLP dawdaglunisiivirenitanesidilawasusyiianatoya

a

Adunwsssundleegeivszansanuazuiug felinmsihluidluvainvaedu wu nns
IATgveyanIanIsnng, mslasgiiiievnludediauseulat, niansimumalulag

AUNTLUaNIYIkRENTHA S TEINNLYETULATRq

Task | Output

Classification

EN

Preprocessing Maodeling
/ \ Sentiment Analysis
Language H .
guag = Preprocessing Madeling = Entity Extraction

Detection

1)

Documents *- = Preprocessing - .- .- = Modeling Topic Madeling

Document Similarity

AN 1 TURDUNITNIUYD NLP [15]

NsBEUTTENLUUNIIUdNesiues(Transformer)
folassaiauuuiiasiigniautudmiumsUssanananiwisssuei s
Transformer ta5uaudonusnlunuUssIanan1sssuni Wi text classification,
machine translation, summarization, WazA1SABUAINNY Lﬁmﬁmmmmmaﬂuﬂﬁ
a0 o =

JanTsivtayaniasiusaziinuneioaiu

JUADUNSN LU Transformer Ussnaunie:



Input

ﬁced er \

Embedding &
Positional Encoding

Multi-Head Attention

Feed Forward

[

Targets

ﬁcoder \
Embedding &

Positional Encoding

-

Masked Multi-Head
Attention

Multi-Head Attention

K Feed Forward /

AN 2 TUABUNISYINGIUYDS Tranformer

Tokenization: ldifleteutsussloaiiu token wazuladlvilusia (token

Ds)  mswvaUsgleadu Token Tokenization Paeuvauseloadumiefidnasd
156N "token' LﬂfamﬁﬁammwgﬂLLﬂQLﬁuﬁm%ﬁ’mﬂaaﬁﬁamﬁ token Jasfumined
lvldlumsiseudvedlunaudas Token {Wuswa (Token IDs) WERINTALS token wdn
avuUasusag token usaildlunishilanadous Drelilunaaansarinnenio
Fouinndeyansnmld nsdanisiudermidudeulunwsssmaddonud
fudou Usznauluserifiseduluises q Inglidfinssarsesiiuissafioe
Tokenization taelfanmnsninnstiutennuiisudenilfhedunssansiuiman
\A3DIMINEITIANNLAL IS nYITILAY Tokenization FaelunITLenANINLAS oMLY
193ANBULALIIS NS TIAYeaNa TNt oAY WisWlmaiunnvesdeariufiayein
tlpaif Overflow nsl4 Tokenization Tawanlenaiideyaaviiuanugilnasessu.
Imaﬁ"ﬂﬂ%’a;ﬂaﬁﬁmmmsng%gﬂﬁﬂLfluahus] (tokens) tletlostutlymiliienfuruinves
Yoyaidun

Embedding Layer: nihdindne ﬁammﬂaﬁayjaﬁﬂu discrete (lsisiowiloq) 1y

U 3

AAnYSe token WU vector NiAuraInatekaziinanumine Embedding Layer



FrgluFowineg wunsuwdasmmde Token Ju Vector 314 Embedding Layer ¥l
annsaudasdmie token Tunwsssumdu vector ifinrmmainviansuayil
A, dielilueaiFoudmiadiusuardnuusvesdluuiun mmansolums
Su3Anuvany Embedding Layer 4iglanaiseusaauvinnevadAfi1eg lnansnay
auduusluifud vector space Miilinrumnendaeiuegdl vector AlndiRseiuly
flufitin1sandif Embedding Layer danlvigvhlitinisandfvestoyanindeya discrete
fifimunalnglhdu vector Aifivwadinndr. diasannisdudoulumsuszananadeya
Usuugsmnaaninsalunisilniy Embedding Layer thoandedifnvesnislidoyaiiiu
discrete Tunsiindulaiaa Tasfinsld vector Aiseiilosaels Gradient Descent ¥i1anu
eiilos Embedding Layer ﬁ']ua'auﬁwﬁ’aﬁﬁwmw’tumimﬁ'au%@mﬂa discrete Tu

. I3 aa a
Deep Learning LUu vector NUAMUALIELAZUAIUAAINARY

Self-Attention Mechanism: Transformer l¥n1simuatminlunisaesguuuuves

v o 6 ! o v sl 1 (% o v v Y = i [ v
AnuduussEinsdniasiuluuselen vinlianunsasuianufeutasiule.

Multi-Head Attention: Self-attention mechanism gnugigsatiiedluvianes i lny
Mudazmln1sseusLarAUMaNYMEANY Yastoya INUUTBNABNAANSIINYINAIL
e,

o

Positional Encoding: 1fi8497n Transformer li$ugaduasioya fedudodinng
Lﬁmﬁagaé’ﬂé’u (positional information) i tuUludeya Faagvilit Transformer ananse
Fumnuienilesiuls.

Feedforward Neural Networks: Mé’\imﬂ%umu self-attention K&, Transformer
£ layer 83 feedforward neural networks fiviutidilunisUszananatoyaluusiaz
AU,

Tugu text classification, Transformer anunsathualdlaenislideyadeninndy
input uazfuuudanannFeudaruduiusssuinduasinenayvosdenuls.
13514 Transformer luau text classification 1UszansnmgaLaZamNsSeu3NTeYA

MlUlae Wesarnanuanusaliunissumaifellintunas N1sNI9IuNs)



nsBsusdnuuulasingUssamiigukuuasuligdu CNN (Convolutional

Neural Network)

Input Text

A
/ [ Tokenlzatlon \

Paddlng &
Embedding

[ Convolution Layer ]

v

[ Max Pooling Layer]

v

[ Softmax Layer ]

N /

AN 3 TUABDUAITINIUYDI CNN

1D Convolutional Layer: ﬂauhgsffu CNN 14 1D Convolution wnufiazidu 2D
msztemiududduiadu fawes (Kemel) Tu CNNwhnhAmileusnfadnuazidu
(features) YoINGUAN YU WalnasTUIA 2 8193U6 bigrams WalnasyuIA 3 8193V tri-
grams Wlawnasuanssg el ONN ashsauhlaguuvuvesdonmmdudeulsn
Stride: puANilalmeszideulUnudesaiiazAs L
Padding: H1elifliaesuumiauiafimuisan 4y same padding 3o valid padding)
19 ReLU (Rectified Linear Unit) wiovillsinaaunsnSousfinesiidudoul srdy
Fratesfuliam vanishing eradient 7LAna7n sigmoid #3e tanh
Pooling Layer: N15anru1Adeya ¥asa1nn1shy Convolution Uiy Haawsazluunalvgy
ly

Pooling Layer Faganvuindoyaas vilnlunaseuslaisiiu wazan overfitting



Global PooUnnguﬁmﬂ% Fully Connected Layer a2t Global Max Pooling \fioan
TWUNTTLRDT

Fully Connected Layer (FC Layer)
wasdeyaiignanunaudlsunnmesifieltlunsduuntssian

1% Dropout fioan overfitting

anun30ufin Batch Normalization Litetaelilainaidsusliisai

flaridu Output Layer (Softmax) WuitaddudldlunisuUasanzuun (logits) Tiegluts
0 fi9 1 wagramvosATImunziniy 1 Suihlvauselddunmninasduvouday
Aanaludgminsinundszian (classification) 161

Softmax Activation Function: T4d@1%5u Multi-class Classification (Liu3Las1ge15316]
Ju 3 vi3e 5 seeu)

NSFEUFBIENUUUNLIZALATEELE1I-dU LSTM (Long Short-Term  Memory)

Input Text

/ [ Token\irzation ] \

Padding &
Embedding

v

LSTM Layer

)’

[ Fully Connected ]

v

Softmax Layer

\ /

AT 4 TUABUNISHNIUVY LSTM

LSTM 1dlasead1andl 3 Gates ieniuaunisivavestoyanisluesodng tou:



Y

Forget Gate (Fudayanliddny) Anduladnazaudeyaimosnannigadannialy lagld

AINBUNALALEN UL NBUNT

v a

Input Gate (SUinndayalual) dndulaidoyalminisgniisdlUluwadammuels
Output Gate (futugenitazdisen) muasitesalamsisnldifeasaaaugll
Funoumsigumdn

Sudayatoany — wlaalunnes 1w Word2Vec w3ald Embedding Layer
Hudeyalt LSTM layer — §anistayaiiag timestep (Aluuselon)

LSTM @uaguANlIu Forget, Input Ly Output Gate

161 Hidden State gavine (h_t) — dldlddmsu classification

kU Fully Connected Layer (Dense Layer) kag Softmax — ¥11une class

ANTIAUIEANTNIN

1. Accuracy

- AN IUMIBE 1N NFRavIA (True Positives + True Negatives) 1130178
IIUNIMUAYDIF089 (True Positives + False Positives + True Negatives + False

Negatives)

- elun1siaussansamlaesiuvediueg winnaslivanzaulunsdiinnuaunavenaia

2. Validation Accuracy

- Aefugnsissvadlumallienageufiugatoya validation Baududeyadiwenlisinemn
Mnveyaildlunisiln (training data) Aazvenliilumaaiuisavhuwiedeyalvavliiag

wildigneeawalvu Tnsuansnalugyvesvesidua
3. LossFunction

- AeAflginAnuLAnANTERIIA AL AR nnsad (predicted values) AUA1939
(actual values) 1ndayaiiiadl lngn1sAwlnailazvenlailumatuvinnglaaualyy Al
loss NUDLANIINLAALNTYINUNENINALABIAUAIATININTY @9UAT loss NUINUEAITT

Tunavinungla lalduginnalg



4. Validation Loss

A o

- AoAnsgayde (loss) AuInAINYATaya validation Faludayanlignltlunisiin
Tualaense wiasgnliiitensiaaeuilumariinldvinusualruiuteyanlunadslimg
<
i

44' a a P

- 1iloAn Validation Loss fuuiliuanas uansinlaunamassgusiasiuseansning

% ¥ o 1

Juiudayalud 9 Urd1 Validation Loss ISuiindundeannilnludnin enadudyaas

U A7)

Tunanids "overfitting' vi3eiSeuiianelayarin (training data) niAuly

ada A )
nqufiingdes
Tuduve1UITeRnNe 99 lAvINIsANYIWITeRNe199AUN1TYINNITI U

v @

Toya IMNNUIFLA

[ ¥
% deﬁll =2

NWITBITuAY WususuE [2] TusAdeidliusdidymlsaduei@aduanmmanves

a  aa 1 [V [ v v (Y ' =
ANIAYVINNBDUIYDUAIT LL@%L‘U‘LJ?{’]L“VWJE]‘LJ@“U?!E]\W@Qﬂ?i%?@ﬁ@’]ﬁlﬁlu@ua’]Eﬁ%‘ﬁ"]’]ﬁ 15-29 U

v

UadudrAgnnelnialsatiinanmitpsgntazamuianisnasauuuiu ngludoailine
(Social Media) finasiadnlavesuyuwdyldnu andgymildalsdinaianisviinieming
AnviuinUsgendldnulagasuwuuinaensvgeuanuAniuuulg@eaiineiion g,
Pnadulsaduesiiotisuidymdandunisnad 3 lnevinisnsesdayasn Twitter Iy
v g v ! DICR% < % ¥
nsauteruiunis Retweet, nMsaudenduimdu URL Wildawiuled, nisaudeniny
Mievesiuteunmaignunalulngs wagni1sau Stopword dwsunnsivdmtndentdau

35113 Binary term occurrence LAIARLABNLENNTUIRMY Information Gain NYIA1511AY

Entropy

AN 3 FRDE1I9NISHIUNRUNLEANSURAIEIS Information Gain

Attribute Weight
depression 1
back 0.384

best 0.382



[

fifvun Top k = 2,000 4,000 6,000 waziFonAndnuueToun Tunsadauuusaeise
wonl¥nisuusteyalagldisnis 10 - Fold Cross Validation laggidedenldnsasng
Luuaewudnvaresuaiiiedestulsadued Tnauuusass 1 wwudiasdifneu
Hu Waneluenns (Yes) wae lddvnaduennts (No)dsldnusane3fiu Bayes Tunis
a3194uUdaed Information Gain Tun1sAnldenAuanwae laedmua Top-K Aia 2,000
4,000 6,000 LLazLﬁaﬂ@mﬁﬂwmsﬁwm Tneiinnsivun Boundary Wiemdianisinidonsd
ashaziduiimnzaulnenadnsaliusnginvaseanmihazduiimnzauegil 80 - 90
iﬁmaﬁwﬁﬁaﬁ?jﬂ R Accuracy = 80.00%, Precision Yes = 100.00%, Precision No =
71.43%, Recall Yes = 60.00%, Recall No = 100.00% way F-1 = 75.00% 31nA15LASIEH
HANSNAABIINLANIIUIN NMSARLENLBAN3TIRAIE Information Gain dnavinlailunis
a¥rauvuinaesantioas uaznsliimiLuL Binary term occurrence W@ mSuUNNS

o/ IS L% ]

Mungtenuidsnvazdy [esandeamunlandiainnisnsendesallinudnvuzdfay

Y 9

Weglainen

Pre-processing

Training Set | o5 | Test Set

Word Segmentation

Weighting
Features Selection

Maodelling

+
k-fold cross validation

A~
.,

Model Sadness | | Model Loss of Interest ‘ Model Appetite | Model Sleap || Model Thinking ||MDdchuiLl| |Model‘ﬁlcd‘ | Model Suicidal ideation | ‘Modcln.bvumcr\l

‘ | I ‘ ‘
-
Vote Ensemble

Evaluation
Evaluation with Training Set
Evaluation with Test Set
+
Result Analysis

AT 5 TUABUNITARUINUITEVDI AITHAY LAUSUSUE[2]

a o 6 ¥ ¥ 1 = = %4 < a dl a 1
ATevensdynr wiuwm [4] linanadseduesilulsamadaneniinainnisliauna
vosansialluanes Fadawasdeaisual AuAn warauian duielsaduaiazianianis

Aafiuduegiuauulse dudnshhenueduauiisnsendinig lnsansidieiiony



Wesuazitheneglutisisrinuiianudssdunsddimenniu msssylsaduaiilugig
a o & - v [ = [ a v ¥
Guwsndndunnn dialilanisquataznsinwimvingauiasiunan vaieg nuidelald

a 6

foyalnadonladuafifefiomtoudiuasfonuersual anwddn uazaudavosdld
Tedoadifousiazau dedenalmanemuiseinfaue s nadusdalunsusuusetmin
Tmnzaufietaaiuauanunsalunisinne Taefl Wongpanya Nuankaew 1él4s
Suunfideuuiidusuusiass Tngld 7 Fasauun teun 1) udvug (Naive bayes: NB) 2)
FUNOIAINABS UNVTU (Support vector machines: SVM) 3) aulildindula (Decision tree:
DT) 4) duneudsmaiieutuilndfian (K-nearest neighbors: KNN) 5) usunauvlaisas
(Random forest: RF) 6)m%ﬁauw<§w'§ (Gradient boosting tree: GBT)uag 7) ALUULDS
Gutlealy (Generalized linear model: GLMs) dslhinnldiiiormuasndmdnluns
MMUeAANEAINAUTINAY Binary term occurrences snllunisarinnmanyay wagldisnis
AnidenaauanuazfeiBns Information gain lemaadnwasfimngay waztaelunisan
namsUszanaNaTiiiuszavsam InglidoyansuaninuAndiuannnnsliludeaiiie Tae
SauszanSnmuasnuUsIaning 1) fsauunussianuuuiiien (Single classifier) 2) 33013
Sumudauvuliimmuediminwes 3Rsmesueudauuusmusmtmin anwans
NaaewlinIulain ‘Uizaw%m‘wL’Sul,ezmLﬁaLLUUﬁwummﬁmﬁﬂﬁmmgﬂﬁmmmﬂ’imfuu
Lifuadminddedisnsuaziienesamunnndn Tnedanmsiamsaneasaunandy
yoensiinAanaAIney fiAn accuracy 66.67% i Attention score g4andl 80.00% waxAn
F1-score 70.59% LLazmﬂﬁmﬁmﬁ'ﬂLLﬁ@mﬁﬂwmzﬁaaaﬁﬂﬂi Binary term occurrence
AnidenauanualzMedBns Information gain M Top-k Yilildnmudnuausmanzaly

MIAFMUUTIAINSSEUINIUSEANEAINAIN T30 FIgannaINITUsEIIaNA L
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Framework I: Multi-class

Optimal feature

Ensemble model

inhted

selection model
Naive bayes |

K-nearest neighbors |-

Random forest f

Framework II:

I

P
\

Binary class

voting } ,

Weighted vote
combiner

Ensemble model

Unwelghted voting

sy ren i ety ot E
Optimal feature
selection model
[ == lou
!
-
Support vector = g
Images _machines } £ Weighted voting
and ~ Ri—— R N
text post e }' 2 | sew ||| zaew |
-
[ K-nearest ] » g —
L_neightors | E [ amw ||| asew |
Grodient boosting
tree } . g l 5-TPW I [ S-APW ]
Generalized finear |y
L model ) 6-TPW ) G-APW

’ Final class prediction ’

v
Depressive analysis
using DSM-5 criteria
i 5 i J

Evaluation ’
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AINN 6 VUNBDUNITALUUINUIVYUDI ’N‘H{jiy,iyq UIULNI[4]

11U38UB3 Akkapon Wongkoblap [8] wazaaizldinandslaymavanndndulgm

[ 1

F9nnue

51500 Ui WunsaIgMlan mudeyadinesantseundielan dkvaelse

Y

Fuesvialan 264 duaulul 2020 Tsedavudunidudunndnvainiselsassaulan log

Usziliudnluuseimasangudnisleane 105 Muaiudauadingy (145 Wudiuneaasansy)
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o

Aldaremlanmadiaziisvudy 6 Audiupeaansansglull 2030 Falalavinidenivaelu

v v ~

QAYFIUAAAN

]

a (4 aa = a [ = v v v . .
n13 AATITALAIND Hlanainnsilulsn@unast saenislyd Multipleinstance
learning (MIL) 1¥unuudnass wazi135n1s Anaphora MUUN5UTZLIAKANTYISIIUIR
(NLP) snglunisiiesisiiaziansaninennssiinisnaniyaradulewnadudeladea

fidedoiidenudululdiazasnanyanaduilildinadls Jdlawaainnisld miL 1Ju



maximum accuracy (92%), precision (92%), recall (92%), and F1 score (92%),
immediately followed by the MIL-SocNet. The MIL-SocNet yielded an accuracy,
precision, recall, and F1 score of 90%, 91%, 90%, and 90% %&’i}’mwaﬂ’liwﬂaaﬂﬁﬂé’nm
wansliiiuindaves ML @nnsaudnsuses@nsnmladuaziinanuainnisinazinsiunlals

Wudselewd wazloniseausvunniulusuiesastanslunini 7

Chiskrat

i
User dlassi fiomtion

sefbmax

RS Tuwet attention
PP i S ™

A | m.,:r, |

AN 7 TURBUNITALELIUITEURY Akkapon Wongkoblap tazauz[8]

NUATEURY Xiaoyu Luo [9] lananafenisrieuvesssansaiiudinagdinisdnnstuns
Jafudeyanfusneinvziialamaulunsdiihnmsiuteyaludwaminnistoyaiiuily
sUwuy Ildenansvindsdiasing q Aabaviinisdnisnisuntamilegly Machine Learning

wthelumsuundeyanivsinamnniililanudeinis Fadunisyiunenianmgves

v =

Torunivge mxlunanlaassdngn nsdemnavyiinagldiuenasuastonnund

[

N Wneditunsunang loud nsnseutayaneu (Pre-processing) F9531A9N15AUA

[

Mg uazauliinud1sy (Stop-words) wagnisvi A matulsukuuLAe iy

o

(Stemming) wananlldelinislinsiiaseviadiflunisidenandnuue (Features) NdAaylu

>

nsdavinany agldineatindneg 019 [9] Naive Bayes, Decision Tree, Neural Network,
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Support Vector Machines waginaila Hybrid lun1sviiunevisnamjvesioniny wenanilés

wanadymnenaindu Wi n1sianisiudeninuiigniavuiavyiin n1s3anTsiuduIusn

vl a

YBIAENYUEUBANY UarNITRBNMATANTSBEUINIUTEANSAmN

Y

[
IS o

nsdansavyveanaiinnudAguinlunisuenuggdeyaniaiuiuunn wulunisnses

Y
Poanuauuludia MmssryRuuasy NMInTaaeuiivaey wagnalan1sinsTinsei
a =3 N .. =3 a = aa o A B PR
ANUAALIY (Opinion mining) 591AeN1585UNEATIEN5YN Text Mining MTunszUIUATT
MANlUNIAUNUANIINTEAN (Knowledge Discovery in Text) uagn15dnvsiavytaya

[

aa Y 1Y) a wa 8. a v Y] Y v a v
NUANWUSAANYNU SLUV]’NUQUG] Text Mlnlﬂg LﬂEJ’J“UaQﬂUﬂTiﬂuW]‘UE];JUaVILﬂEJ’J“UaQ N9

v -

LY % ! = o 2/ 1
ANUAITUS M15IANGY Wazn1InTIeauAILUAsuLUAtludeyanillassaseliliBe
Jgauldun N9 Text Mining finsldwadialunisndeyaiientes lnedinsiSeuiiiey
71 Support Vector Machines ua Naive Bayes {umailafifanuuiugngeiian uazgn
lilunsdamuanmidening Mnravein1snaaesililinsiudn SYM Wuwmeilan1sdn

[ . d‘d a a ! ] U ¥ Ql' k4 .
RUIANYUDAIINNNB1DINWNUUTLANTNINGINIT NB Lag LR mm‘ueqma%aw% Xiaoyu
Luo fauuzditueuanazld SYM lunisdnmnanyveninu BBC dafasly hardware

specification Mig4Uuuag tensors flow %158 python kiednasHanIkanslunInig 8

2 Text Feature
Data Collection _’ preprocessing _} Extraction

’

Performance Classification Dimensionality
Evaluation . Techniques ! Reduction

AN 8 TUNBUNITATIN1UITEUDS Xiaoyu Luo[9]

338 Hongping Wu tazay [10] eSulgfeagdfnyvesnisinusiavdteninuly
N15UTENIANANTYITITUYIF Lazuansinegeinsussendld wu nMsiasizionsual, n15dn
MIANYYNI waznsIaviandite lavinisinseiuavasudeideveismdavuinmy

FornuildnsBeusitanies dddmsunudernusesuuudiassiiliaansadnumanummng

wazusunla W one-hot, Bag-of-Words, TF-IDF uag N-Gram sudialalugiin1sin



mnanyteanuililassiguszanmiied (Neural Network) Faanansatesiutaylunis
LoNUETANEZIAY Lazanansaviugkalaliuginat lngldnisuudeniiuaie Word
Embedding tazlasstieuszamiisa(Neural Network) #1499 11 CNN, RNN, Attention

Mechanism Ina@aas Hongping Wu Lald Hierarchical Attention

Network (HAN) 1nlglun1snaassnswandtuning 9 lnalananisneasalSeuiouds

Model Precision Tramning time
CNN 0.8534 77 s'epoh=2 epoh
RINN 0.8273 164 s'epoh=2 epoh
HAN I0.8456 179 s/epoh=2 epoh

AN 9 NaN1INAaRIUTYULIBUTDY Hongping Wu WagAmuz[10]

o £ a 1

asUldidaddnsveasssziilideutnawandeymegluuisduisediuilude n1sdn
e toruildnisseusidedn wu anulidufivensu, anugintunisusunsiivwes,

Anugaentunstasudayain, anudesniamsnensiias dJusiu

Iraining set lest set
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moie]s i
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Preproces SIng representation

A
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Drstributed
representation

Performance
evalustion

AW 10 Tunaun1TAUIUITBYe Hongping Wu tazAtz[10]



41338904 Ben Rodrawangpai kag Witawat Daungjaiboon ananafia [11] a3usiaaues

Iy ¢ =

Consumer Product Safety Commission (CPSC) U 2020 s¥y31 gUfin1salAnuidesannnis

a |

auvaawlasliwesluansys vibiinglRveafeyszunns 25,000 AsInaldessnwl lues

9 9

a aa

ANAUYBAlSNEIUIR SIBNUTISEUNININTIMUNTLESTIn 571 199 ngURNTalAY

youeilinedseninag 2000 f1 2019 Tauinegindt 18 Tiiudarlve) (82%) ves

a

Heotin anfind1unAnenssumIanEvaenievesuilnatuansy (CPSO) tweunsdaya

ey

1 [y <

fierdaatumsuindunnmantasifuilon Uinadoyafiudusgenng uay
nszUILMIARBhnsnRaeuLazindsunmsniusar e mmeiionaeifunsly
niwensunany JdldvhltinniaueismsiiruilisutussihanedansUssaona
Aw5TINTA (NLP) uazdaneiiuGeuivaaaies (ML) ednussinndeyaiidutoni
TunaGeuveandosanunsatisannauazanumetsulnensuszanunulunsdaussian

& 1% % d'
Luaquﬂaﬂaqﬂﬂﬂuﬂ@ﬂiu‘ﬂ’]ww 11

Input Incident Narrative Tokens

v v

<§> Token 1 Token 2 Token 3

v v

RoBERTa pre-trained model

v

Layer Normalization

v

Dropout

v

Linear Classifier

v

Output Incident Classification label

(Tip-over, Non-tip-over)

A9 11 TuURBUNIIALEUIUIT8Y89 Ben Rodrawangpai lazAniz[11]

Tngldluwanisinuszian default 8819 BERT wazlumadu 9 970 Transformer Lo
W3uIiBuAUIBN159 Ben Rodrawangpai ay Witawat Daungjaiboon taus lngly

pretrained language models 9819 BERT, RoBERTa, DeBERTa, ALBERT, DistilBERT, L.ag



MPNet Lia¥in1n13 preprocess ToANNVBANANITAILALIN fine tune Tmngd T

text classification Tiyaveyaanteya CPSC Nuwnldlunismaass

Model Macro Weighted
Precision Recall F1 Precision Recall F1

Proposed model 0.96 0.96 0.96 0.98 0.98 0.98
DeBERTa 0.91 0.92 0.92 0.96 0.96 0.96
BERT 093 0.90 0.91 0.96 0.97 0.96
DistilBERT 0.92 0.90 0.91 0.96 0.96 0.96
MPNet 0.93 0.88 0.90 0.96 0.96 0.96
RoBERTa 0.90 0.90 0.90 0.96 0.96 0.96
ALBERT 0.90 0.88 0.89 0.95 0.95 0.95

AMY 12 nan151AaoUTeULTIBUTe9 Ben Rodrawangpai Wazmue[11]

NUAIBY09 Raghavendra Pappagari kagmug [12] lananfensaununluans Call Center
= Y] =i & U o Ao v Y o 9 v &
GUQI@smlﬂummauuazmumLmuwmmuuﬁ'lmﬂzy}mwwamaagmm MlAuAsINsing
913lEnaraI Tl dmSUNTIATIEREBSEINISENIINT automatic speech recognition

(AsR) st lElunsvin transcript [12@sadudeniuiifinisyszanarasoluly

[
v

nN38UIUN13T NLP Toyaiign transcribe Un9ASsliAa1ugn iy 5000 A wenanilvayania
nare1adudanidnfgyluauguy CSAT (Customer Satisfaction) WwWugn@1e1alnssiiiosusiu
nstvsusivaennlgymueanldsunisuiluwianaagidnnelaunn 5 AUiEn1sdnnis

1 =

wzasiulunanlilasaing bag of words M3aluinailisantinulusonsIuSTaU

sendnedaya input @nvliwsngandunisvinnuluvienyil Bluussdunalalunisliluea

WU BERT Tu91uid 1newns Raghavendra Pappagari lazaty loltluea 2 Uszinnae

Transformer over BERT wag Recurrence over BERT 11vNn153aUSEaNS N MLazy1InIg
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Posterior Probabilities (P)

FC-Softmax

H

c ] .. ]

yi 1t Tt
BERT-Base

T 1
[CLS] \ Tok1 | ... TokN
yiy

Segment of a document

AN 13 Tunoun1ALIUIUIB89 Raghavendra Pappagari wagmuz[12]

Tnen1snnadlaltnaign 3 ¥iiafe

- CSAT dataset for CSAT prediction, consisting of spoken transcripts

(automatic via ASR).

- 20 newsgroups for topic identification task, consistingof written text;
- Fisher Phase 1 corpus for topic identification task, consisting of spoken

transcripts(manual)
97197 & Results using segment representations (H) from a pre-trained BERT

(without fine-tuning)

RoOBERT ToBERT
CSAT 71.16 74.77
20newsgroups 60.75 65.04
Fisher 38.04 80.68

15797 5 Results using segment representations (H) from a fine-tuned BERT

ROBERT ToBERT
CSAT 83.65 83.48
20newsgroups 84.71 85.52
Fisher 82.28 95.48




NWATBVeS Ruishuang Wang wagmue [13] lavinisteaue convolutional recurrent
neural network §1M3UN133AUTEANTBANUYINNITNARBIVLYATBLANTEAY 2 YAToya
wazyateyanwIsangy 5 Y wagWTeudiouiBnsiaUssiandu o weuandliifiuinans
naaeandliiuiisnsfiRuishuang Wang wagaaiziausaninsavilainiluaudn

UsELANUaAINY

: [ Convolutional layer ] [ Convolutional layer ] !
i i
: [ Max Pooling layer l [ Max Pooling layer J |
L 1
[ "\\_\\ / 1
1 1
o -
L 1
gy g gy i —— 1
o prooooorsooooos
o =

1
Lo K
.............................. N
: Softmax FC layer :
. i
1 1
1 1
: |
L 1

Fig. 1. Architecture of our Convolutional Fecurrent Neural Network for text
classification.

Convolution Max pooling

J . . Concatenate

.

Input

Convolution Max pooling

—_—

Il
il

Fig. 2. Structure diagram of Convolutional Neural Network in our proposed
CENN.

AN 14 TURDUNITANUUIUIVY VB Ruishuang Wang uazAz[13]

13809 Pengfei Li wazmnwy [14] lavinnnsiniaue Attentive Convolutional Transformer (ACT)
Fdilszlamiannyia Transformer uwas CNN @wsinnsdntlssinndanauatneiilezd@nsnmingieny
ImePengfei Li wazanizdanaldinlunaild attention SniUsrAnEnnandntuaaiild RNN, iiaann
n1sld attention mechanisms HAuansnAlunsdu dependencies llnalneann self-

attention 7141 Transformer Tuina ACT Manauaandniuma attentive viauuaude Transformer



encoder awinf ACT Andnidumsnziannuainisalunsainanene n-gram fausaenaln

attentive convolution
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AN 15 TuRouNISANTINNUINUDY Pengfei Li Lazamz[14]

aaqa o a a
A5N15IAUTLEANTAIN

Actual \ Predicted Positive (P") Negative (N")
Positive (P) True Positive (TF) False Negative (FN)
Negative (N) False Paositive (FP) True Negative (TN)

AN 16 confusion matrix 98915 IAUTLANTAIN

Accuracy

[y

Aodnsndiuresinegengndewisan Judusinniteuazlundosdimsvnuiineiiunis
FuunUssinnden s onUAtmM s ueNaansiluAIAU (raw output) gnsnIsAIUIN

Accuracy

Accuracy =

TruePositives+TrueNegatives

(1)

TruePositives+FalsePositives+TrueNegatives+FalseNegatives
Fl-score

I [ a a g Y .. o 1 A 1 o 1
Wun1siauszansnmalasmn Precision wag Recall lagA1uiaianALRAsANULILEITENINg

Precision taz Recall @viungdnsuauidanudAgLviniusening Accuracy ey Recall



gnInN1IAUIN Fl-score

Precision X Recall (2)

F1 —score =2 X
Precision + Recall

Precision

A w ] Y oA Yy A ° N v v o v oo oAl o ]

Aodnsdinvaiimegfignisiissuudunvisesumidiieunufitegnefissuuyingdn
Juldle dufie Sanusegigndesissuuvihuneindululs (True Positives) m1ssie

FuusneganszuuinueIduldla (True Positives + False Positives)

gnINITATWIM precision

TruePositives (3)

Precision = — —
TruePositives + FalsePositives

Recall

(% !

ADTASIAIUVDIAIDENTNANADINTLUUIILUNUT AU ILABUAUINUIUFIDENS

Y

(% '
£y v A [ Y 1

vonuandululaluyadeya tude Smaustegfigndesiszuuriungdndululs (True
Positives) msmeinuiiegrsviuniduldldlugadaya (True Positives + False

Negatives)
gnInsAuIM recall

TruePositives (@)

Recall =
TruePositives + FalseNegatives

Jopl
av a4a ¥ 1

INNSANLINBE ATV L5 nUIlsadaasnluen1sfinansenunmedin
vosjthelosarausaudnniianuduiusiviiunde 1saguiaianusodwmansyusie
AN MAINVRIRUIgluA AN 9 W guamsamelardnla, Anuduiusiuausauls,
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A5ALIUN153Y

nsadunidellavinisufuinuing Useasa ievinisaniiunisneinsel
Tonanisiinlsndues lngazudansanidunisidudunsusiainmsyiniswsendeya ns

ASNUUIADY AZINNTIAUSEANS NI NYBILUUIAD

Framework |
Preprocressing
Data augmentation
Text Cleaning
> —>
Text Input N
) v
Word2Vec Transformers
CNN
LSTM
h 4
~
Tokenization
\ S
Modelling
Framework Il
Chat-GPT
Data
Transformers
Evaluation CNN Compare —»{ Best Model
LSTM

AINT 17 JUANDUNITARUIIUITY

o r - \ LA y
INALEAIIUNINA 17 LAAIDITUNDUNITVINIU 2 @rURDaEILSAlY Framework | Tutumnau
faghniswseudeyadnnsiuailiiseuses nasintuludiuves Framework Il agvin

wihnlumsieneilsaduainndeyailaantuneures Framework |



nsvimsaseudaya

Raw Text Input

and Hashtag
Remove URL
Remove Special
Letters

Remove
non English

\

I |

Remove tag HTML

Remove Number

Lemmatization

Punctuation

Y

Remove Stop
Words

/
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Y
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NITIUTINTRYA

nNsTIUTINdeyaivetiuinsinluuIngaeINwideves N1sdunlin

FAT 1NNGANTIUNTINGATBAINUN Twitter [2] Ineiivayaninisnei 3.1
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Imbalance
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21N195
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4) Yoamuiierfunisuey 3,000 Y8AY
ARG
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puLadlsan
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9) YaANIAYINUNISANSINGT | 3,000 VaAIY

e

10) 98ANUNLANDNIBINIT 8,000 Y8R
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Une
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TUABUNSIATEUTBYA:

FUNCTION preprocess_text(text):
FUNCTION get_wordnet_pos(tag):
IF tag starts with 'J":
RETURN ADJECTIVE
ELSE IF tag starts with 'V'":
RETURN VERB
ELSE IF tag starts with 'N":
RETURN NOUN
ELSE IF tag starts with 'R":
RETURN ADVERB
ELSE:
RETURN NOUN
text = LOWERCASE(text)
text = REPLACE(text, '<[*\s]*>', ')
text = REPLACE(text, '(rt\s|rt)?[@]\w+\s*', ' ', IGNORECASE)
text = REPLACE(text, 'https?:[\s]+', ' ")

text = REPLACE(text, \d+','")

punctuation_map = CREATE_ TRANSLATION_MAP(punctuation characters -> spaces)
text = TRANSLATE(text, punctuation_map)

text = REPLACE(text, '[\n\t\b\r]', ")

text = REPLACE(text, '[*a-zA-Z]',' ")

tokens = TOKENIZE(text)

lemmatizer = INITIALIZE_LEMMATIZER()

tagged_tokens = TAG_PARTS_OF_SPEECH(tokens)




FOR EACH (word, tag) IN tagged_tokens:
lemma = LEMMATIZE(word, get_wordnet_pos(tag))

ADD lemma TO tokens
# Remove stopwords
stop_words = GET_ENGLISH_STOPWORDS()

tokens = REMOVE_STOPWORDS(tokens, stop_words)

# Join tokens back into a single string

yhmsuddlasusnuszinmy 10 aghadie yafideya 1 ey positive Aoyl
uanadayarafiliifiuennisveslsaduiaiuag negative Muansfeyanaiiuanionisvedlsa
Faiedta 9 8113 ndsnturhnsldnisvhanuazesdeuadiedims nsaudydnual
Ry MInanE A uiin Fan uagidnuaildldnundingy aulASevianeIsIAReY
thdemuluEnunisyi1 lemmatize Wielildrlusndnsivihnisay stop words tieausndi
cal 1 Y °

wuuasnludelunisdeninumung deenunteaziduslusindnianiun1sennsaef il
Fndusanluuad
1) shegndeyandinnnisinavdydnealfivay nsnanifis da uwin faiau
wazfmsnusnlilin wdenge

1579919 MBENVBLANAIINNTVINAUTBABININAN

A29E197amAN AavgndanunarInnsulasdoya

Part of my 6 chair will be shown tonight! | - part of my chair will be shown tonight

RT @BuildStrongUSA: Wildfires and wildfires and hurricanes
hurricanes
We seek happiness in external things we seek happiness in external things

2) $eg1adeyanaIaInNnIIvin tokenizer lagagyinn1sdinlagnan iasaamnsng

= 1 1 [ (Y
TIANDUNTDYDINNUUNRAN



M1599 10 f0g19UBYandaINN15Yn tokenizer

fvg19UaA1Y

Areg1etaAunaRINNIsWlataya

part of my chair will be shown

tonight

[part, of, my, chair, will, be, shown,

tonight]

wildfires and hurricanes

[wildfires, and, hurricanes]

we seek happiness in external things

[we, seek, happiness, in, external,

things]

3) eg1aYeYANaIIINNITIINITTEYBHAYedAT (Part-of-Speech Tagging)

Ipgazununisszyrdavesduaaz Ay 1wy verb WNUIe VB,UIuuume

NN,adjective wnuaag JJ 1Judu

M397 11 f981998YaNaaINN15YN Part-of-Speech Tagging

f1981979A77Y

AdeenadanunasaInnsulasdoya

[part, of, my, chair, will, be, shown,

tonight]

[(part,NN), (of IN), (my, PRP),
(chair,NN), (will, MD), (be,VB),
(shown,VBN), (tonight,NN)]

[wildfires, and, hurricanes]

[(wildfires,NNS), (and, CQ),
(hurricanes,NNS)]

[we, seek, happiness, in, external,

things]

[(we,PRP), (seek,VB), (happiness,NN),
(in,IN) (external,lJ), (things,NN)]

4) FegNTeyanaIaINAIIYn Lemmatization wuasdlraglusuiuuiiugu

wsegUkuuTInfNgndewnalensaliaeiinisin Part-of-Speech

Y

Tagging NalAlANaaWSNATIAR




M159 12 f9g19U8Yana1aINN159i Lemmatization

A19819U9AY

A1ag1etanNunaRINNTsUUataYa

[(part,NN), (of,IN), (my, PRP),
(chair,NN), (wilLMD), (be,VB),
(shown,VBN), (tonight,NN)]

[part, of, my, chair, will, be, show,

tonight]

[(wildfires,NNS), (and, CQ),
(hurricanes,NNS)]

[wildfire, and, hurricane]

[(we,PRP), (seek,VB), (happiness,NN),
(in,IN) (external,))), (things,NN)]

[we, seek, happiness, in, external,

thing]

5) fhegetoyanasainmsii (Stop Words Removal) vinnnsausiilaiiinasie

nsUszianatennulinlduasluguusslenresnudingy wu is, am,

are, on, the Wuduy

1599 13 MI8819UBKaNAI1I1NN1TYIN Stop Words Removal

f2981978AY

A1ag19tanNunERINNTSUUAtRYA

[part, of, my, chair, will, be, show,

tonight]

[part, chair, show, tonight]

[wildfire, and, hurricane]

[wildfire, hurricane]

[we, seek, happiness, in, external, thing]

[seek, happiness, external, thing]




PAI9INNNTYITUN DU P UL LA LAYINN1TASIVE@RUTANUL D LWl

tomnuniluldaslianiu ieliluwaseuslanvu

Initialize same_classes as a defaultdict of defaultdict(int)

For each row in the DataFrame:
Get the sentence from the 'text' column
Get the class from the 'class' column

Increment the count of this class for the sentence in same_classes

Initialize an empty list filtered_sentences

Initialize count to 0

For each sentence in same_classes:
If the sentence has more than one class:
Add the sum of class counts to count
Append a dictionary with 'Sentence' and 'Count’ to filtered_sentences
Print the value of count

Create a DataFrame filtered_df from filtered_sentences

1) syusudeyafignnu: munIntamnugriululssnneinisuinnitges

Uszlan aesiusandayamatiubisieiuy

2) tudrnunisnuteniny: dudnwiuasdemnugnnuluudasUsean
91715 LLazLﬁUGﬁa;_gaLué’lﬁl”iﬁm%’mWiimiwﬁl,ﬁmlﬁu

KX
a o W

3) auungiueen: aukaInidvenUTI8eNINYATRLALAL

8) sadioyauindety: afaunlndfiruradeyaanundsniu lnessy
Uszianennsiinuuazdwaunsnuluaafien  diuves Imbalance &0y
audeyafitnfundmuindidonnuiitidiu 33 yadonnudnfusiuiomn 3817 ads
wazauve Balance ndsminnisaudeyafitnfundamuindidonnuiidiiu 25

YOANMUGINUIIUVIVUA 3888 ATI HIBYILYU




AN5197 14 shegadeyaiidadiuiudg

1%
o

fduil A79g19taAY ogjinana:
Fruauiitn
15 care grade tire go | {4: 32, 7: 18}
sleep idc
16 go sleep even tire {4: 148, 7:
sec later 185}
17 g0 sleep every {d: 1, 5: 2}
night thinking

naININsauteyared Imbalance NiinsT1iuszlayadeniuduIy

30,779 AALLAaTUIELANDINISNTINUILLRGED 18,805 A1 Wavd U9 Balance ¥

Iogadanudnuau 26,023 AukailarnissindennnuiegluldasUssnneinis

LGS 15,698 A huusazUseLnnlanall

%
o

7N

AN5199 15 ﬁi’wmuﬁﬂmwiazﬂizmwé’ﬂﬁmmiaﬁayjamm Imbalance

ngy A
0 5635
1 1341
2 462
3 1352
q 1732
5 1634
6 1472
7 1854
8 1826
9 1499
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msa%ﬂmuua‘ham
= Modeling
) Word2Vec and :
Data augmentation | —» Tokenization — Build Model

AN 19 TUADUNISYINLULAA

v

nsuiEYAUaYa
Y o = % & VYl Sy = oo a
wiannvinsnsendoyalulaindiveyaluyssiani 2 AlTwudeeiiuluuay

pn1avdsmansznunen1sunlUlY Fihaslaluna GoogleNews-vectors-negative300.bin

M aiNIUILAlagITNMsiLYATeyaUeIUTELANT 2 YUsndAN 1 YALAzUNINANL

AnumneadeAlau llugadennuieeg iy
1) AMYINNISHHTEULNLAT marrall brexits ribosomal result either loss
2) %a99INANSLNNAT marrall brexits deet result either loss control

[ ) a ¥ ) Y] 2 a o o <
‘Viaflmﬂ‘Vl'm’ﬁLW:uLLa’J‘Vl’]ﬂ’ﬁi’JllL“U’m‘U“QWUEJﬂ’J’mUiBLJ‘I‘VW] 2 910914 462 A1 WU

924 @

Word2Vec wag Tokenzation
1) Word2Vec vinasadnsluinalagdsnis Word Embedding Tagldsiuda Word Embedding

& Y & W Y 1% < ¢
Ay 9 Gl]uuf]ﬁﬁ']ﬂLUNW’JIQJLﬂaLLa'JLLUaﬂTE]ﬂ']']ﬁJLUuL’JﬂW]@ﬁ



£
Y

YUADUNITAS 1A ULUU Word2Vec:

v
o

# AN NmesAMTUNN7a 9 lNea Word2Vec

dimension =300 # WNATBUINLARFNABINNT

# 251914LAa Word2Vec sasimnsniinasnniuue

model_w2v = Word2Vec(

documents, # dayadonnunldluniilniung

. . . .
vector_size = dimension, # 111A18419NARFNFBINT
min_count = 1, # AU uduAnresA s eI s alin e

window = 3, # 2NATRITNFANNTANANT T

- PR INFON o

2) Tokenzation WuAsn13NagsinIsutastenulmdudiauiislilunaaiunse

Feuduazyimsananisallaegiadiussansan
n1sARRILRLS (Indexing) TusazaAn:

- Tokenizer 9zvn1sulasaisnuatudaninulmdununeay (index) Ineldiandu

[y [

fit_on_texts WaATNNALIUNIUNLNITTUARITUFIUILUS

Y

- W1578m83 oov token gnldtivemuuaaiiuudmsumilieglunauiynsy (Out of

tokenizer=Tokenizer(oov_token="<O0V>")

tokenizer.fit_on_texts(df.text)

Vocabulary, OQV) 1u "<QOV>"
#&991nN151E fit_on_texts, Tokenizer %ﬁ%ﬁﬂwaumﬂim (dictionary) ¥83fULAL
FILUUTBILAATAT AIDYNHAANS: {<OOV>" 1, 'think’: 2, 'get”: 3,'like" 4, 'g0": 5, 'interest":

6}



A Y v 5o A v @ a ¢
LN@@JW‘UUWHﬂiNLLa']a']@J'ﬁﬂ&[fUﬂQﬂsﬁu texts_to_sequences WanUasvanuduags

VBWBLATANUNIUIUNTUNATITY AIag1enaansued Sequences:

think get like go interest = [2,3,4,5,6] Auanedswumsosifintandu

Tokenizer
198 HIWAUIYD9 think A 2
o 1 =}
FILVUIUDY get AD 3
ALVILIUD4 like AB 4
FRUIUDY g0 AD 5
ALVLIVDY interest A 6

a519lma

1) n13%11 embedding matrix IngazliduaminvesduitedlUlddnluna
#5194 embedding matrix:

(Da31s array 71ilAn 0 WA 300 (VUNAYBINNIADS) dMSuATuaTiagly

Tokenizer

(2)11 index Y89A137A Tokenizer WNINABIINNLLLAE Word2Vec

dimension = 300

embedding_matrix=np.zeros((vocab_size, dimension))
for word, i in tokenizer.word_index.items():

if word in model_w2v.wv:
embedding_matrix[i]J=model_w2v.wv[word]

print(embedding_matrix.shape)

Gynnalaliluluna Word2Vec aldnnmesiduai 0



A9819

(array([[ 0, O, O,.. 66, 531, 2414],
[ o0 O O,.. 0, 85 3126],

[ 00 O, O,.. 8510184, 1523],

[ 0, O, O.. 360, 37, 230],
[ 0, O, 0., 2 22 11],

[ 00 O O,.. 202, 417, 471]]),

2) 13911 Text to sequences Tunisinseudayadmiunisiinlung Deep
. o & v o 14 -q' o 1 o . .
Learning AndtTuABvINliANE7Iv81 array NunusLALeA (word indices)

a [ [

Tuusiagdannudvuiawiniu dwsunsalll sz muaaugageandu 300 dadl:

(1) wlasearnudusiuniaua: 19 Tokenizer iawdastonuidudiavsiiumia

YDIAN

(2) YSuaunAue: iliaINe13ed array AliusuedalulAaz e uwINAY

sequences = tokenizer.texts_to_sequences(df['text'].values)
X = pad_sequences(sequences, maxlen=300)

X, X.shape

7i 300 Inanas padding

3) Msvin1sulseyaliionaaes

X_train, x_test, y_train, y_test = train_test_split(X, Y, test_size=0.3, random_state=42)

X_test, x_val, y_test, y_val = train_test_split(x_test, y_test, test_size=0.5,
random_state=42)

X_train.shape, y_train.shape, x_test.shape, y_test.shape, x_val.shape, y_val.shape

wusgndayatierinlunailu 70% vesyndeya Nndeu 15% uarnsiadoulse




4) Tuma Tranformer

lAsaas9vasluing:

Class TokenAndPositionEmbedding (inherits from Layer):
Function __init__(maxlen, vocab_size, embed_dim):
- Call the parent class constructor (super)

- Initialize token embedding layer (token_emb) with vocab_size as input dimension
and embed_dim as output dimension

- Initialize positional embedding layer (pos_emb) with maxlen as input dimension
and embed_dim as output dimension

Function call(input_sequence):
- Get the sequence length (maxlen) from the shape of the input_sequence
- Create a range of positions (from 0 to maxlen-1)
- Pass the positions through the positional embedding layer (pos_emb)
- Pass the input_sequence through the token embedding layer (token_emb)
- Add the token embeddings to the positional embeddings

- Return the result (combined token and positional embeddings)

dulseneu:
Wson  init_

(1) maxlen: AMETIEIEAYRIAIAY (Fusulniaw) Maaadssunll Fadu

fanruagIuIuAILnsinesldly Position Embedding

(2) vocab_size: TUMURINIUILATY (Furunauisuatudeoya) Aldl

Token:Embedding

(3) embed dim: vuInvRINwasHilnAl (embedding vector) lneunas

IAUAZQNUNUAIELINMBSNTVUIAWNTUA LA IR TILAT]



(4) self.token_emb = Embedding(input_dim=vocab size,
output_dim=embed dim): Duguilslmau (Token Embedding) Faagrnisuuas

ImauwsazimludoyaliidunnmesAilivwin embed dim

(5) self.pos emb = Embedding(input_dim=maxlen,
output_dim=embed_dim): Suduilesummia (Position Embedding) Tngisiniiug

vaslmauludduazgnunumeRnmasmulaiivun embed dim Wuidgaiu
Wsan call:

(1) maxlen = tf.shape()[-1]; frAuevesawulney Enulmau) 7

SuinantuBune x

(2) positions = tf.range(start=0, limit=maxlen, delta=1): A5719817 U949
AwiAna (0, 1, 2, 3, ...) Naonrassnuksazlnauludasu wWislglunisilasiwmia

(Position Embedding)

(3) positions = self.pos_emb(positions): WswnsaLlUNIUTY

Embedding tiloudagsiuniansazdnfunnmesiumisiifivum embed dim

(@) x = self.token_emb(x): utastmauluduns x Wi dunnmesidlnau

Nt Token Embedding

(5) return x + positions: VinnNWEsElNAUAUANBSHIR LG NalR

[ (%
o v 4 =1

Joyaludwuiinsdoyatiion (3an Token Embedding) uagdayasiunu (30

Y

Position Embedding) #staeliluinailamunusassunazinauluginu



Class TransformerBlock (inherits from Layer):

Function __init_ (embed_dim, num_heads, ff_dim, rate=0.1):
- Call the parent class constructor (super)

- Store the embed_dim, num_heads, and ff_dim as attributes

- Initialize Multi-Head Attention layer (att) with num_heads and key_dim set to
embed_dim

- Initialize a feed-forward network (ffn) with two Dense layers:

- First Dense layer has ff_dim units and uses "relu" activation

- Second Dense layer has embed_dim units

- Initialize two LayerNormalization layers (layernorm1 and layernorm2)

- Initialize two Dropout layers (dropoutl and dropout2) with the rate specified

Function call(inputs, training):
- Apply the Multi-Head Attention layer (att) on inputs (self-attention)
- Apply Dropout (dropoutl) to the attention output (training=True during training)

- Add inputs to attention output (residual connection) and normalize using
LayerNormalization (layernorm1)

- Pass the normalized result through the feed-forward network (ffn)
- Apply Dropout (dropout2) to the feed-forward output (training=True during training)

- Add the previous normalized result to the feed-forward output (residual connection)
and normalize again using LayerNormalization (layernorm?2)

- Return the final output

Function get_config():

- Return the configuration of the block, including stored attributes for embed_dim,
num_heads, ff_dim, and dropout rate

dulsenau:

WEen _init_:




(1) embed_dim: vwinvesnnmesnidunuAmselnau vuatiazgnlinasn

TULAANBANAUAINNNSHILA AL TN AL TRANTA

(2) num_heads: 91uialu Attention naln Multi-Head Attention 2zl
Wnane e MaeUszanananNduTusIzInalniauaee Tudnwazvuiuiu vinli

lunaausaisuusate ULuUANAIRUSTH

(3) ff_dim: 9u1AY09 Dense layer Tu feed-forward network @4l
UszananateyanasainnisAuln Attention tneunfvzlugnit embed dim Live

iuANEsatunTseusvediag

(4) MultiHeadAttention: nabnivinlfunaanansalndaiulnaufidfayly

[y [y

Aeutienuvsaluasunsesnulalunafed iy

(5) ffn (Feed-Forward Network): 1a38%8Uszanmigunuuiinnasisnaas

(%
[

fuildimianadnsandeyaiildan Attention Wunsudasoyalvidudoutu
(5.1) FunsnlgHlenTu relu oLy non-linearity Tluiaa

(5.2) PuiaesUTuruIaNaansnauluil embed dim walinssiulifuas

Toyanuaiy

(6) LayerNormalization: nsuasialadailugunieg wesluna gaeln

nsrvIumsiniuiinaatos Ingliinlvideyauundnisiiesuunniiull

(7) Dropout: 4t Dropout Talunistlesiunisiia overfitting lnegxUn

a 1 1 =%
T150UUIAIUTEMININSHNR UL LLRS
Lugan call:

(1) attn_output = self att(inputs, inputs): AW Multi-Head Attention

seriavauludung

(2) attn_output = self.dropoutl(attn_output, training=training): 14f

Dropout flUKAENEAIN Attention (vauaniziiloaglulyuanising)



(3) outl = self.layernorm1(inputs + attn_output): \fislAn Attention fiu

L% £

dunesuatu (Residual Connection) wiiuesiialaduasns
(4) ffin_output = self fin(out1): @NaANSNIY Feed-Forward Network

(5) ffn_output = self.dropout2(ffin_output, training=training): 14 Dropout

fUNAaNSIn Feed-Forward Network

(6) return self.layernorm2(outl + ffn_output): WiLHAANS 103 Feed-

Forward fuaALaudnAsa (Residual Connection) kauasialadnaswsiiadsaan
LEDA get config:

JURNAMNIS TR 0SAIELUTY TransformerBlock wiialiaunsaduiinluina

ysasanlgTle



5) Tama CNN

Input Layer:
- Convert words to vector representations using a pre-trained embedding matrix

- Set embeddings to non-trainable

Dropout Layer (50%):

- Randomly drop out 50% of the neurons to prevent overfitting

Convolutional Layer (1D CNN):
- Apply 300 filters with a kernel size of 5
- Use RelLU activation to extract important features

- Use 'same' padding to maintain input size

Global Max Pooling Layer:

- Reduce dimensionality by selecting the maximum value from each filter

Fully Connected Dense Layer:
- Apply 300 neurons with ReLU activation

- Learn deeper patterns from extracted features

Dropout Layer (50%):

- Further reduce overfitting by dropping out 50% of neurons

**Qutput Layer (Softmax Activation)**:
- Classify text into one of 10 categories

- Convert final feature vector into probability distribution

8. **Return Predicted Class**




A15v9uYedluma CNN @1usU Text Classification

Tsmaiildl Convolutional Neural Network (CNN) e $auseinndaniny Inefa

NiwesndrAgyeanaintaalumiL Convolutional Wag Pooling Layers

(1) Embedding Layer
Wasw #1180 nnwedidsnnuviang 1 Pretrained Word Embeddings (Word2Vec)

AvlaRe wysndunutonulugunnmes

(2) Dropout Layer (50%)

an Overfitting lngUaudiurasnmesdasiulunasinnsiandayauisdiusnniiuly

(3) Convolutional Layer (1D CNN)

19 ConviD au1n 300 filters AU Kernel Size 5 A WiaasdIAINTaAIIN 11U N-

grams 1 RelLU Activation titelilanai3ousiliae sidudeu
(4) Global Max Pooling Layer

% a | a a A s & o cal
a@%u’]@m@ﬂ%@yﬁi@ﬁna@ﬂ ﬂWWNWﬂWQQGU@QLLWaZWLQf’Ji GU'JEJSLﬁIQJWIaLﬂUWW@TV]LWu

=b.
oY
i)

(5) Fully Connected Layer (Dense Layer)

19 Rel U Activation \leuiairansanansatunisi3ouiiiees fivun 300 Neurons
(6) Dropout Layer (50%)

an Overfitting R

(7) Softmax Output Layer



wlasmfweslidu Arrnuuiavilu vessazaana Tonuleymadl 10 Aana

Input Layer:
- Convert words into vector representations using a pre-trained embedding matrix
- Set embeddings to non-trainable
Spatial Dropout Layer (20%):
- Randomly drop out 20% of input embeddings to improve generalization
Bidirectional LSTM Layer (300 units, return sequences = True):
- Process input text in both forward and backward directions
- Capture long-range dependencies in the text
- Return sequences for the next LSTM layer
Bidirectional LSTM Layer (300 units, last output only):
- Further refine feature extraction from text sequences
- Output a single feature vector representing the entire sequence
Dropout Layer (20%):
- Prevent overfitting by randomly deactivating 20% of neurons
Fully Connected Dense Layer (64 neurons, ReLU Activation):
- Learn deeper representations from the LSTM output
Dropout Layer (20%):
- Further prevent overfitting
Output Layer (Softmax Activation):
- Classify text into one of "CLASS_NUM’ categories
- Convert the final feature vector into a probability distribution

Return Predicted Class

6) Tama LSTM

A15YIN9UYR9LLeA LSTM @115u Text Classification

(%

Tunateenuuunfiedaussunndarulagld LSTM (LSTM) wae Pretrained Embedding

[

TngdTUNDUNANAIL:



(1) Embedding Layer
Fmthfiunasiiu nawes@aarumngld Pretrained Word Embeddings

(Word2Vec) el L@ 1 annl dunusuasan L UR9A 118

(2) Spatial Dropout

a

Ueariu Overfitting lnsdudaunsdinvednnnesal vililunaieuideya

Y

Vil ﬂwmﬂsﬁu
(3) Bidirectional LSTM ($1usn)

1 LSTM uvaeannd (Forward tiag Backward) JtAs1eitianinuiaann sunell

Uanee wag doundu telidnlavsunvesdonnuluynia
(4) Bidirectional LSTM (Fuf1d4)

[
4 ==

14 LSTM Bnduiitearindoyandudentu lifnsdsrudiiutona (retum sequences

Y
£2

= False) A#ilsian LSTM gavinetidusiaunuuasdoninuvianue
(5) Dropout Layer

andaymn Overfitting laegutauie Neurons vihllanadinnugaviduwazanns

flanndoyaifsanniiuly
(6) Fully Connected Layer (Dense Layer)
WWuduiivhviig uonUsenndeya 14 ReLU Activation Function witeveliluwmaaninsa
Feuiiiwesndudeuls
(7) Dropout Layer (Afia)
annN13Lnn Overfitting s
(8) Softmax Output Layer

wlasAfilaann Fully Connected Layer 1Uu Arauiiazdu THden aanavestaniny 715

AAudIasugan



N15UsSUUSEANSAN

Evaluation:

- [¥oya evaluation Mm3eulil

- Useiiiuuseansaanvaalyt lypinntuungay (accuracy,loss,



15U UUSLANSNATNA8 DSM-5

BEGIN
Prepare Data:
- Convert "Created-At’ column to datetime format
- Sort data by "Created-At
- Merge predictions with original dataset
Process Data in 14-Day Intervals:
- Set “start_date" to the earliest "Created-At
- Set “end_date’ to ‘start_date + 14 days’
- WHILE “start_date" is within dataset range:
- Extract rows where ‘Created-At" falls within the current 14-day interval
- Group predictions by date and store them in a dictionary
- Save interval summary (start date, end date, daily predictions)
- Shift “start_date” and ‘end_date" forward by 14 days
Calculate Depression Score for Each Interval:
- FOR each 14-day interval:
- Initialize “total_score =0°
- Create a counter to track occurrences of each symptom
- FOR each day in interval:
- COUNT occurrences of each predicted class
- FOR each symptom type:
- Convert the symptom occurrence count into a score:
- 2-4 days — score =1
- 6-8 days — score =2
- 10-14 days — score =3
- Otherwise — score =0

- ADD score to “total_score’




- Determine depression level based on “total_score™:
- <7 — Normal (1)
-'8-12" — Mild depression (2)
- "13-18" — Moderate depression (3)
- ">18" — Severe depression (4)

- Store results for this interval

Display Results:
- FOR each 14-day interval:

- PRINT start date, end date

- PRINT total depression score

- PRINT corresponding depression level

END

(1) wisudeya (Data Preparation)

@379 DataFrame test_result
thanfilaaanannsal (test_predict) snutandunaraiinannsal (Class Predict)
W3guLiE URaanSuA1939 (Actuals)
39 test_result fudeyadualu df
\iumanensel (Predict Waw. Class Predict) asly DataFrame
wiad Created-At 18 Datetime format wazi3aagadunuiuf

(2) wustayasenlugaaian 14 Ju (Processing 14-Day Intervals)

AMUAYIIANTUAU (start date) uazduan (end date)
start_date = Juningaludoya

end date = start_date + 14 T4




ugUuuslayasanidutieg

Aetayaieglurieiunivun (Created-At ags¥1I1 start_date uaz end_date)
TuduesusagaaIagnensadlunsiay

< (Y o . .

Wuwaawslkilu dictionary (Daily. Results)

vdudasianlutim (Geuld 14 Tudaly)

(3) ATUIUATILUUNTETULATY (Depression Score Calculation)

WaUnnTIa 14 Ju

14 Counter() iedudnnuiuiudazaaiagnnensalulashuauiuiivensaldu

AZLUY

WNBINITANTY 2-0 Fu —> score = 1

WMNBINISANTY 6-8 T —> score = 2

WNBINSANTY 10-1444 — score = 3

WNBINSANTY A1t 2 4 %30 1A 8 Fu — score = 0
SquAgLUUTIMLA (Total'Score) Tutanan 14 u

IAZLUUTIN < 7 — 520U UnA (Normal)

ATLLUTIY 8-12 —> SEAU Fairsudniios (Mild Depression)
DIAZULUUTIN 13-18 —> SEAU TFutAs1UIunane (Moderate Depression)
OAUUTIN >18 — S¥AU FuLASIFULTT (Severe Depression)

(@) wannaans (Display Results)
Juguuansnateyalmazai 14 U uans avuuusIu (Total Score) uaz

3¥AUNTIZTNLATT (Depression Level)



uni 4
NAN1539uazN1500Us18

(%
v A

TudiuresnAdeillatignymunglunisdniiiierinisiuwunyssnnvesyanaid
lonaiialsafuiasn lngin1sdnwunannnsieseiteyavesiauanaiivinnising agld

35115119 NLP snaislunisieseilaslananisnaase Wunanisenfiueuise wazvinnis

o

aAUs19NIsVNADY Aall

Han1IAmIENTaYA

Ma”amﬂv‘hmit,m%wﬁauua (Preprocessing Data) mﬂsqﬂsﬁagaéuax‘i Imbalance 1413

[

U 35,000 TBANULAL Wdatemuitdlasiuiu 18,8059 U Anly 56.37% V84

(%
¥ CY 1

foyarimuauardaures Balance aviimduau 30,000 Yonrunds miedoaaiilily
117U 15,698 Fanam Anudu 52.32% vesdayatiavun uenand livimafisadoyade
FBsvenedeya (Data Augmentation) Tumne1n1si 2 Tneuiudeauduou 924
Fomnuves Imbalance wagdonudiuau 924 fonuves Balance Hieu3ulgs
UsyAvsnaadanaadild arnifuldvhmsiinaeuluina 1 Transformer, LSTM uag CNN

Y v

meyntoyainsesld Al

- gatayaninnIsidFILILYATeAYeENYRY Imbalance (Data augmentation)
Fuau 19,729 Fenu lnsuvndugateyaniilunaldlunseus 13,810 doaru un

Toyanaaay 2,959 ToAu YATIUANTIAABY 2,960 TaAy



A15N7 17 Tuaumlundavdssianmaaninnisautayaved Imbalance

ALAULARIUTELANDINTT URHGIGH Toyaliiu Foyandsaniiia
0 3945 0 3945
1 989 0 989
2 323 647 970
3 946 0 946
4 1212 0 1212
5 1144 0 1144
6 1026 0 1029
7 1300 0 1300
8 1278 0 1278
9 1049 0 1049

EREY 13212 647 13859




M1399 18 Iuiudeyanililunisngivaeurad Imbalance

ALAULARIUTELANDINTT URHGIGH Yoyadiiiu Foyandsaniiia
0 845 0 845
1 201 0 201
2 69 139 208
3 203 0 203
4 260 0 260
5 245 0 245
6 221 0 221
7 278 0 278
8 274 0 274
9 225 0 225

U 2821 139 2960

A o oa ° v = & v ° ¢
UBNIINU ENimﬁWt;@"lJ@uvaf\nﬂ Chat-GPT a91UuUu9AMNRIaBIANI1UNITUDING

a

A9 WlgiveLUSeuLieuUs

[

nagoUavUA 3 Y fatl:

s mvadlnaLiiuFnInUeyanile

- YadoyanAaaUAINTBYALAYN F11U 2,821 YaAIIM

¥

gLba

lngaziiyndoya

- YAUBYAVIAHBUIINNITU18YATBYA (Data Augmentation) 39U 2,960 TeAu

- YAUBYAVIAHBUIIN Chat-GPT §117u 200 U8A31Y

AINY DIUIUTDANUN G NTUNITNAAD UL AL BEAIATLUANT 1S




= ° 1% A &
M1 N 19 ﬂ']u’)usU@Ha%IﬂUﬂqﬁmijﬂaaUWQMNﬂsﬂaﬂ Imbalance

Mmiavuanlszinnens | deyalmiy foyandsnniin | doyavinChat-GPT
0 845 845 20
1 201 201 20
2 69 208 20
3 203 203 20
a4 260 260 20
5 245 245 20
6 221 221 20
7 278 278 20
8 274 274 20
9 225 225 20

34 2821 2960 200

NsuELA AT (Word Cloud)
o v X - o Ao = a = Y
LHUANAgNE UL NeuARsAmEANRg lusULuunsWin Fagagliiuningy
vastoyadilnetn tanuand1lagng mAvngUesIzgnuanIsernalrgndNuIng

Weundl lgvinn1sas 1NN IMANT T URATELaTBILAaL UTEANEIN1TIN 10 Uszianaadl



Word Cloud for Class 0
today work year

VVEiT:C:k].‘VVEir]t proud
take

album
big

100K

week

one

AT 20 Word Cloud 28381n1sunived Imbalance

friend

(1) Toyausziano1n1sund 9In3UR 20 uansbiruiSunavesduIuA

Usnguniigalueinisundleu

15199 20 uandeyalurataeInIsunives Imbalance

aeudi AN U
1 happy 838
2 thank 522
3 love a17
q u 407
5 get 330
6 make 296
7 see 268
8 birthday 257
9 like 257
10 one 246




Word Cloud for Class 1

heart

look

b

depressive symptom

much

major depressive

think = .. come

A7 21 Word Cloud 1899715ui%3LAS1989 Imbalance

¥

(2) TeyauszimorsuaiTanasn 9nguil 21 uandliiuialSuavesduaueidg

Y

Usinguinyigalueinisensuaiduesilawn

9

A1517 21 TuuteualuAfIAeIsUTILATI7eY Imbalance

Sadudl A U
1 sadness 684
2 depressive 552
3 episode 200
a4 like 147
5 feel 145
6 g0 126
7 get 123
8 life 97
9 love 92

10 make 90




Word Cloud for Class 2
first o
1nte(est fastthlno see 5

bl’)

t buy

national interest

nay

’everygglng

- interest

] ‘
- 7 |

artenuun IThicht = €eaSYbest

mwﬁ 22 Word Cloud ¥83n15919a1uaulaanasvad Imbalance

(3) Teyauszunnensueiduain 9n3uil 22 uandliiugauunaesdiu

o A = v
AusInguIniaatue1nisnisuinadaulalann

MINN 22 SudeyatusaianisvinaaulIanaes Imbalance

adudi A U
1 interest 1274
2 lose 789
3 loss 543
aq get 166
5 make 149
6 people 138
7 like 134
8 feel 123
9 thing 105
10 <o 102




A7 23 Word Cloud v89n1sndmuninun@ved Imbalance

Word Cloud for Class 3
week

family

power;c 1nk qay

need ove]ose  appetitesee
.wwant chnse

miEhunger  goo

o Pe o people B S

hungetr=strike

(@) ToyauszinmhndnAaunfannguil 23 uanslidiuteusunaesdiuim

AusInguinigaluensuminaaundlaun

M1517 23 Tuaudenatuamadmtiniauniives Imbalance

Sl AN U
1 appetite 839
2 hunger 360
3 eat 152
i get 112
5 food 97
6 lose 91
. day 90
8 g0 89
9 like 86

10 u 72




A7 24 Word Cloud v89n15uauRaUnAv8d Imbalance

Word Cloud for Class 4
“hevers hour much

z
o
G
—

o morning

‘eep tlme

(5) ToyaussinvnIsueuRAUNR 91n3UN 24 wandliiudeUsinamesdiuin

AusINguInyigalueinisnisueuiinung lawn

M151991 24 udeyaluaaianisueuiauniives Imbalance

aeudi AN U
1 sleep 1043
2 lethargy 551
3 g0 291
a4 get 228
5 like 134
6 night 110
7 day 110
8 need 95
9 time 94
10 good 92




Word Cloud for Class 5

new: #5-#aayapswant Say

e thinkings
go STl WOman

someone family

need ].l e
tal

today '
real ly]*

AN 25 Word Cloud ¥84519n1888unagYae Imbalance

(6) ToyausznMsNIgeaumds 91n3UN 25 uansbiiuts3unaves

° o o -dl ' i a Yoo
T\]’IU’]UQWW‘Ui’]ﬂQNWﬂV]Ej@Iu@Wﬂ’]ﬁi'Nﬂ’]EJE]@uL‘WﬁEJ VL@LLﬂ

‘ﬂl o ¥ | 1 =
$1319N 25 QWU?U%@%@iUﬂﬁWﬁiNﬂWS@@ULW@E’JGUEJ\‘I Imbalance

adudi A U
1 think 1298
2 thinking 315
3 get 213
4 like 175
5 g0 139
6 make 115
7 know 113
8 people 109
9 u 102
10 say 96




Word Cloud for Class 6

dilshonorwomanmake
sang

g accusation
person guilt innocence

lie nany . ®yictim
happen 2 Wd y t h k

SOMEONE ®believe ot wiiront 1ME 501 eve@

eV1IUENCEe:

A7 26 Word Cloud Yoen153anauedliA1vad Imbalance

¥

(7) doyauszinnnisianauaslien 91ngun 26 LA LALAUAIUS LN U991 UIUANT

Y

Usnguinfiaatueinisnissanauestien lawn

9

d‘ o v Ve v
15199 26 IwudedaturatanisianauiadliA1ved Imbalance

Sduil A U
1 guilt 1098
2 dishonor 193
3 evidence 153
4 kavanaugh 141
5 like 129
6 say 126
7 innocence 124
8 get 122
9 would 113
10 people 111




Word Cloud for Class 7

really

play . 1irelO0k

want:
day

20

much

/€

A9 27 Word Cloud vesns3anasnsauves Imbalance

¥

(8) Yayausziannns3dnauddu 9ngUN 27 wanaliiuaaUS U9 UIUAIN

Y

Usinguinfigalueinisnisaundau laun

9

(%
a o

15199 27 IuIuTedaluAaaaLNSHuYed Imbalance

o A o

AU A U
1 bore 630
2 tire 469
3 get 414
4 fatigue 392
5 tired 194
6 like 159
7 go 126
8 im 121
9 time 121
10 people 113




Word Cloud for Class 8

wphlegmatlc

stillwn

: 3

woman Nday ket art ELME

yae lOOk worid

.. nhever
start ~ ¥

ative loat

‘v
()]

7))

much meto0 movement f right best

AN 28 Word Cloud ¥@9n15taaauliidnued Imbalance

¥

(9) doyauszinnnisindioulmdiangun 28 wanalAiuaIUS U U9 UIUAIN

Y

Usinguiniigalueinismsiadeulmd laun

9

p157991 28 Sudeyatupaianisadeulmdives Imbalance

i A U
1 movement 450
2 lazy 450
3 loaf 371
aq get 193
5 phlegmatic 142
6 like 128
7 loafing 116
8 g0 111
9 people 109
10 around 108




Word Cloud for Class 9

day take 11 fe oyt SALLY
people

ieve ask

hel love’™

suicide
talk

need good

woman

breakMen

2NN 29 Word Cloud v829n15AngingInngead Imbalance

(10) FayauszannisAngfanie 9IN3UT 29 wandiiudaiunaesdiuaudidg

Usnguiniigalue1nisnisfnginfnie laun

15199 29 IwrudedaturatanisAnziiinieves Imbalance

Sduil A U
1 suicidal 795
2 destructive 255
3 dangerous 200
il thought 153
5 people 145
6 like 132
7 go 120
8 make 119
9 get 118
10 self 106




- gadayaminnsiiudIuIuyadeuavesdInves Balance (Data augmentation)
1w 16,62208r13 Inewusduyndegaiilmlumaldlunistews 11,355 demnu gadeya

NAFDU 2,433 Y0AIN YATBUANTIIABY 2,434 TaAY

A ° 1% A &
M990 30 ﬁ]’lUDWU@JgJﬁV]IﬁUﬂ’]W]‘J’Jf\]ﬂ@‘U‘VNWJWUEN Balance

fuavuanelszinn | duiuteyaidu IUTeYana|In | 31IUTeyAIN
81N19 el Chat-GPT
0 845 845 20
1 201 201 20
2 69 208 20
3 203 203 20
4 260 260 20
5 245 245 20
6 221 221 20
7 218 218 20
8 274 274 20
9 225 225 20
3 2821 2960 200




watch'

big

Want ;u'(;m.ri
take

album

¥ win
118

en

week

one

m‘wﬁ 30 Word Cloud ¥8991n15UnAvee Balance

friend

(1) Feyauszuanein1sund aan3UT 30 uandliiudauinavesduiueiig

Usnguniigalueinisundlaun

M1597 31 TuduveuatuaaiaeIn1suniives Balance

v A o

a1aun A U
1 happy 745
2 birthday 210
3 u 199
4 love 196
5 get 162
6 thank 152
7 make 150
8 day 140
9 one 127
10 see 121




Word Cloud for Class 1
heart
someonemin

SN/
way fput look

depressive symptom

much

major depressive right S a y

think =& .t come feeling

A7 31 Word Cloud va99715uaiT3LAS19849 Balance

(2) Toyauszinvo1sURITLAT) INFUN 31 WARSIATAND IUS U VBT U

AusINguInigalueinisesuaiduesilaun

Q{' ° %) 62 v
#3190 32 ﬁ]qu’JUﬂ@%asLu@aqaﬁqiﬂJm%NLﬂi']sUEN Imbalance

Sduil A U
1 sadness 684
2 depressive 552
3 episode 200
4 like 147
5 feel 145
6 g0 126
7 get 123
8 life 97
9 love 92




Word Cloud for Class 2
first o
1nte(est fastthlno see 5

bl’)

t buy

national interest

nay

’everygglng

- interest

] ‘
- 7 |

artenuun IThicht = €eaSYbest

mwﬁ 32 Word Cloud 9839n1591aauaulaanadvad Balance

(3) Teyauszunnensueiduain 9n3uTl 32 uandliiudauunaesdiuy

o A = v
AusInguIniaatue1nisnisuinadaulalann

MINN 33 udeyatusaianisviaaiaulaanaes Imbalance

adudi A U
1 interest 1274
2 lose 789
3 loss 543
aq get 166
5 make 149
6 people 138
7 like 134
8 feel 123
9 thing 105
10 <o 102




Word Cloud for Class 3

power;[ lﬂk qay

need ove]ose appetitesee
.,,wan

noy ! hunger good

e f people 51

hungef='strike

AN 33 Word Cloud v9n1siitnvininunfvad Balance

¥

(4) FeyausziamhnminRaunfangui 33 uandliiudalSuauesdiuaudiig

Usinguinfigatueinisimtiniaunalawn

9

M1519 34 Tuudeuatuamadmtiniauniives Balance

Sduil A U
1 appetite 839
2 hunger 360
3 eat 152
4 get 112
5 food 97
6 lose 91
7 day 90
8 g0 89
9 like 86
10 u 72




Word Cloud for Class 4
[ much

6
o
o
+

e MOIr nlﬂ

Al 30 Word Cloud veenisusuiinunfives Balance

(5) doyauszinvnisueuinUR 9nFUN 3¢ wandbiiiudslsuneesinuauei

Usinguiniigalueinisnisueuraung laun

15199 35 IwIuTeyaluAaIan1sueuaUNAved Balance

adudi A U
1 sleep 1043
2 lethargy 551
3 g0 291
a4 get 228
5 like 134
6 night 110
7 day 110
8 need 95
9 time 94
10 good 92




Word Cloud for Class 5
new

]_()\/{E back

g OIHH\
someone family

wofielifelld

today h

AN 35 Word Cloud 989519n1880UnagYae Balance

(6) ToyauszinnsNgeaumds 91n3UN 35 uansbiruininavessiuaudd

Usngunfiaalueinissunegeuinge lakn

a ° v ] ! a
M1519N 36 ﬁ]']u’)u%@%aﬁlu@aqaﬁqﬂﬂqEJEJE]ULWﬁEJGUEN Balance

adudi A U
1 think 1298
2 thinking 315
3 get 213
4 like 175
5 g0 139
6 make 115
7 know 113
8 people 109
9 u 102
10 say 96




Word Cloud for Class 6

d1lshonorwomanmake
Sago

/ accusation
person guilt innocence

lie nany . ®yictim
=12 " Lth1ik:

SOMEONE®helieve fur wiront IME eve@
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Sduil A U
1 guilt 1098
2 dishonor 193
3 evidence 153
4 kavanaugh 141
5 like 129
6 say 126
7 innocence 124
8 get 122
9 would 113
10 people 111




Word Cloud for Class 7
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15199 38 IIuTeNAluAAAALSHUYeY Balance

adudi A U
1 bore 630
2 tire 469
3 get 414
4 fatigue 392
5 tired 194
6 like 159
7 go 126
8 im 121
9 time 121
10 people 113
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Sduil A U
1 movement 450
2 lazy 450
3 loaf 371
q get 193
5 phlegmatic 142
6 like 128
7 loafing 116
8 g0 111
9 people 109
10 around 108




Word Cloud for Class 9
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v A o

a9ue A U
1 suicidal 795
2 destructive 255
3 dangerous 200
il thought 153
5 people 145
6 like 132
7 go 120
8 make 119
9 get 118
10 self 106
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0 happy

1 sadness

2 interest
3 appetite
a4 sleep

5 think

6 guilt

7 bore

8 movement
9 suicidal
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AN5199 42 WISILLRe5VeLUAE Tranformer

LaLos W19AO3 W3Tnesitun
Input Input shape 300
input dimension 25,507
Embedding output dimension 300




LaLas N1570m835 W Amesiivun
weights embedding_matrix
Transformer Embedding dimension 300
Number of attention 6
heads
Feedforward network 256
dimension
Dropout rate 0.2
Multi-Head Attention Self-attention mechanism
with residual connections
Layer Normalization Applied after attention
1 and feedforward steps
Tuksazudenves
Transformer Feedforward Network Dense layer with RelLU

activation followed by

another Dense layer

Residual Connections

After both attention and

feedforward layers

Global Average Pooling

Global Average Pooling

Reduces the sequence
dimension by taking the
average over the time
steps of the Transformer

block outputs

Dropout

Dropout rate

0.5

Output

Dense layer with softmax

activation

10




AN5199 43 WISITMesUeeluLAa CNN

LaLes W30 03 wsfinesiitmun
input size 25,507
Embedding output dimension 300
weights embedding_matrix
Dropout Dropout rate 0.5
filters 300
Conv1D Kernel 5
Padding input/output size the
same
Activation function RelLU
GlobalMaxPooling1D max-pooling max-pooling across each
filter
Dense units 300
Activation function RelLU
Dropout Dropout rate 0.5
Output Number of units 10
Activation function Softmax




AN5199 44 WISIMe5vaaluAa LSTM

LaLes W19AO3 Ws1Tnesitun
input size 25,507
Embedding output dimension 300
weights embedding_matrix
SpatialDropout1D Dropout rate 0.2
Units 300
Bidirectional LSTM (First) Dropout 0.2
Return sequences True
Bidirectional LSTM
Bidirectional LSTM Units 300
g Bidirectional LSTM
Dropout Dropout rate 0.2
Dense units 64
Activation function RelLU
Dropout Dropout rate 0.2
Output Number of units 10
Activation function Softmax
NaN13IAUILANTAIN

NANSNARBIVIVUATILANIINNISNAABIDANBSNNTIG 3 WUUAB Tranformer,

Convolutional Neural Network (CNN) wag Long Short-Term Memory (LSTM) Tagvinnns




Feusnnyateya wazvinsulaleyalae Iyntdeyaseuisesay 70 yavadeuTeay 15

LazgansIadeausesas 15 lnglakan1snnasInadl

A15199 45 nan15inuseansainlama Tranformer, Convolutional Neural Network (CNN)
wag Long Short-Term Memory (LSTM) 484 Imbalance fisguimeyntoyauni wag

nAgeUMEYAtaLaUNd

Class Usgansnn Tranformer CNN LSTM
Precision 0.7597 0.7718 0.7740

0 Happy Recall 0.9688 0.9675 0.9591
Fl-score 0.8516 0.8587 0.8567

Precision 0.9722 0.9476 0.9427

1 Depressive Recall 0.8495 0.8786 0.8786
F1-score 0.9067 0.9118 0.9095

Precision 0.9352 0.9809 0.9505

2 Loss of Recall 0.8978 0.9111 0.9378
intercES F1-score 0.9161 0.9447 0.9441
Precision 1.0000 0.9938 1.0000

3 Appetite Recall 0.8073 0.8385 0.8438
F1-score 0.8934 0.9096 0.9153

Precision 0.9537 0.9626 0.9575

4 Sleep Recall 0.8374 0.8374 0.8252
Fl-score 0.8918 0.8957 0.8865

Precision 0.8594 0.8770 0.8500

5 Thinking Recall 0.9129 0.9170 0.9170




Class Usgansnn Tranformer CNN LSTM
Fl-score 0.8853 0.8966 0.8822

Precision 0.9951 0.9904 0.9406

6 Guilt Recall 0.8826 0.9000 0.8957
Fl-score 0.9355 0.9431 0.9176

Precision 0.9848 0.9777 0.9615

7 Tired Recall 0.8810 0.8946 0.8503
F1l-score 0.9300 0.9343 0.9025

Precision 0.9598 0.9817 0.9683

8 Movement Recall 0.7847 0.7810 0.7810
Fl-score 0.8635 0.8699 0.8646

Precision 0.9837 0.9635 0.9722

9 Suicidal Recall 0.8265 0.8447 0.7991
Fl-score 0.8983 0.9002 0.8772

Accuracy 0.8861 0.8949 0.8858

A15197 46 Han1TInUsEANSNINluea Tranformer, Convolutional Neural

Network (CNN) tag Long Short-Term Memory (LSTM) ¥89 Imbalance ﬁL‘%Uuiﬁ’mﬁq@

Joyaund uaznaaaumeyatoyaain Chat-GPT lagiisazAatanyinn1suadeuiidnuiunal

day 20 YnveANUNtININAHDY

Class Usgansnn Tranformer CNN LSTM
Precision 0.4000 0.3846 0.3750

0 Happy Recall 1.0000 0.7500 0.7500
F1-score 0.5714 0.5085 0.5000

Precision 1.0000 0.8000 0.7143




Class Usgansnn Tranformer CNN LSTM

1 Depressive Recall 1.0000 1.0000 1.0000
Fl-score 1.0000 0.8889 0.8333

Precision 0.9524 1.0000 1.0000

2 Loss of Recall 1.0000 1.0000 1.0000
interesg F1-score 0.9756 1.0000 1.0000
Precision 1.0000 1.0000 1.0000

3 Appetite Recall 0.9500 1.0000 1.0000
Fl-score 0.9744 1.0000 1.0000

Precision 0.9091 0.9167 0.8462

4 Sleep Recall 0.5000 0.5500 0.5500
Fl-score 0.6452 0.6875 0.6667

Precision 1.0000 1.0000 1.0000

5 Thinking Recall 0.7000 0.7000 0.7000
F1-score 0.8235 0.8235 0.8235

Precision 1.0000 1.0000 1.0000

6 Guilt Recall 1.0000 1.0000 1.0000
Fl-score 1.0000 1.0000 1.0000
Precision 0.5833 0.6923 0.6364

7 Tired Recall 0.3500 0.4500 0.3500
Fl-score 0.4375 0.5455 0.4516

Precision 0.9333 1.0000 1.0000

8 Movement Recall 0.7000 0.7000 0.7000




Class Usgansnn Tranformer CNN LSTM
F1-score 0.8000 0.8235 0.8235

Precision 1.0000 0.8696 0.9500

9 Suicidal Recall 0.9000 1.0000 0.9500
F1-score 0.9474 0.9302 0.9500

Accuracy 0.8100 0.8150 0.8000

AN519N 47 wan15inUseansainluea Tranformer, Convolutional Neural

Network (CNN) w&z Long Short-Term Memory (LSTM) 484 Balance ﬁL’%&Juifﬁwm%’aga

Unil uaznadeumeyadayauni

Class Useansnmw Tranformer CNN LSTM
Precision 0.6033 0.6504 0.6974

0 Happy Recall 0.9534 0.9301 0.9016
F1-score 0.7390 0.7655 0.7864

Precision 0.9492 0.9769 0.9819

1 Depressive Recall 0.9130 0.9185 0.8859
Fl-score 0.9307 0.9468 0.9314

Precision 1.0000 0.9810 0.9593

2 Loss of Recall 0.8789 0.9238 0.9507
nterest F1-score 0.9356 09515 0.9550
Precision 0.9600 0.9698 0.9512

3 Appetite Recall 0.8930 0.8977 0.9070
F1l-score 0.9253 0.9324 0.9286

Precision 0.9505 0.9364 0.8939




Class Usgansnn Tranformer CNN LSTM

4 Sleep Recall 0.8373 0.8770 0.8690
Fl-score 0.8903 0.9057 0.8813

Precision 0.9336 0.8975 0.8765

5 Thinking Recall 0.8242 0.8555 0.8594
Fl-score 0.8755 0.8760 0.8679

Precision 0.8950 0.9372 0.9323

6 Guilt Recall 0.8565 0.8565 0.8565
Fl-score 0.8753 0.8950 0.8928

Precision 0.9762 0.9570 0.9416

7 Tired Recall 0.9044 0.9007 0.8897
Fl-score 0.9389 0.9280 0.9149

Precision 0.9776 0.9821 0.8952

8 Movement Recall 0.8195 0.8271 0.8346
F1l-score 0.8916 0.8980 0.8638

Precision 0.9947 0.9135 0.8995

9 Suicidal Recall 0.8087 0.8261 0.8174
Fl-score 0.8921 0.8676 0.8565

Accuracy 0.8724 0.8829 0.8777

M13199 48 wan1TInUszavsamluea Tranformer, Convolutional Neural
Network (CNN) waz Long Short-Term Memory (LSTM) 84 Balance ﬁﬁ&mi@hwm%uﬂa
Unil wagnaaeumMeyaveladIIn Chat-GPT lagiiusazaaianinisnaaeuidniunaidas

20 YatoANUNILMAdey



Class Usgansnn Tranformer CNN LSTM
Precision 0.4082 0.4737 0.6316

0 Happy Recall 1.0000 0.4500 0.6000
F1-score 0.5797 0.4615 0.6154

Precision 1.0000 0.6452 0.8333

1 Depressive Recall 1.0000 1.0000 1.0000
Fl-score 1.0000 0.7843 0.9091

Precision 1.0000 0.9091 0.9524

2 Loss of Recall 1.0000 1.0000 1.0000
intere 8 F1-score 1.0000 0.9524 0.9756
Precision 0.9524 0.9091 0.8333

3 Appetite Recall 1.0000 1.0000 1.0000
Fl-score 0.9756 0.9524 0.9091

Precision 0.9091 0.6875 0.6500

4 Sleep Recall 0.5000 0.5500 0.6500
Fl-score 0.6452 0.6111 0.6500

Precision 1.0000 1.0000 1.0000

5 Thinking Recall 0.6000 0.7000 0.8000
Fl-score 0.7500 0.8235 0.8889

Precision 0.8000 1.0000 0.9524

6 Guilt Recall 1.0000 1.0000 1.0000
Fl-score 0.8889 1.0000 0.9756




Class Usgansnn Tranformer CNN LSTM
Precision 0.5385 0.5000 0.5000

7 Tired Recall 0.3500 0.4000 0.3500
Fl-score 0.4242 0.4444 0.4118

Precision 1.0000 1.0000 1.0000

8 Movement Recall 0.6500 0.6500 0.6500
Fl-score 0.7879 0.7879 0.7879

Precision 0.9375 0.7407 0.7143

9 Suicidal Recall 0.7500 1.0000 1.0000
Fl-score 0.8333 0.8511 0.8333

Accuracy 0.7850 0.7750 0.8000
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IALUTEANTAINYDY Confusion Matrix

M1517 49 HansnAaeuliea Imbalance MSguimeyatayaunAduI 2,959

YDA

AaNE $nuiivegeu ﬁi’wuauﬁgﬂﬁaq
Tranformer CNN LSTM
0 832 806 805 798
1 206 175 181 181
2 225 202 205 211
3 192 155 161 162
4 246 206 206 203
5 241 220 221 221
6 230 203 207 206
7 294 259 263 250
8 274 215 214 214
9 219 181 185 175
33U 2,959 2,622 2,648 2,621

A58 50 Kan1INAaeUlaeG Imbalance M3BuUFMIEYAToLAN Chat-GPT §1u3u 200

Tl PRH
AANG Suauiimazoy Fuaufigndes
Tranformer CNN LSTM
0 20 20 15 15
1 20 20 20 20
2 20 20 20 20




AR Sunuiveaey Srunufigndios
Tranformer CNN LSTM
3 20 19 20 20
4 20 10 11 11
5 20 14 14 14
6 20 20 20 20
7 20 7 9 7
8 20 14 14 14
9 20 18 20 19
U 200 162 163 160

INMINAFUTIVLAIINYATRNAUNATINIY 2,959 Toru Fesa1suliaaiiafign

lafa CNN (0.89489) ,Tranformer (0.88611) wag LSTM (0.88577) MuaAU uazanym

UoyaChat-GPT 91131 200 Yoy Seadwiulinag

' '
aaa

Nangn

Tranformer (0.81000) waz LSTM (0.80000) sua61U

ASIENUTEANTANUDIN LA

a v
AN57199 51 wan1sna@suliling Imbalance AUAY

oA CNN (0.81499)

Joyanadeu | 9uIuveya nandild Gundl)
Tranformer CNN LSTM
ﬁﬂ%@uﬂﬁﬂﬂa 2,959 2646017 0.561143 4.311373
ﬁqm%’au”amﬂ 200 0.436017 0.097381 1.602529
Chat-GPT

INNTNAFDUAUNANINUANYATBLAUNFTIUIU 2,959 Toau Fesdnuliing

fiignldie CNN (0.561143 3und)) Tranformer (2.646017 3ui) wag LSTM (4.311373




) 1ua1AU waraInyadeyaChat-GPT 41w3u 200 Tanu esaulunanffanliae

CNN (0.561143 3un) Tranformer (0.436017 3u19) wag LSTM (1.602529 3u19)

AUAIAU

M1517 52 Han1snAaeulueg Balance M3guiMeIatouaUnfduIg 2,492

JoAy

ARG Suuiinaaey Srunuiigndies
Tranformer CNN LSTM
0 386 368 359 348
1 184 168 169 163
2 223 196 206 212
3 215 192 193 195
4 252 211 221 219
5 256 211 219 220
6 209 179 179 179
7 2712 246 245 242
8 266 218 220 222
9 230 186 190 188
Rt 2,492 2,175 2,198 2,188

15199 53 nan1snaaeuliag Balance M3EUTIIEYAT0LaIN Chat-GPT 911431 200
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AR Sunuiveaey Srunufigndios
Tranformer CNN LSTM

0 20 20 11 12
1 20 20 20 20
2 20 20 20 20
3 20 20 20 20
4 20 10 11 13
5 20 12 14 16
6 20 20 20 20
I 20 7 8 7
8 20 13 13 13
9 20 15 20 20

I3 200 155 157 161

INMINAFUNIMLAIINYATDUAUNATIUIU 2,492 Yoy Sesa1sulinaiffan

19iAa CNN (0.88287), LSTM (0.87765) waig Tranformer (0.87244) ANY@AY kaz31NYA

fouachat-GPT $1uu 200 fomnu Besdvulumaniananldde LSTM (0.80500)

Tranformer (0.78500), CNN (0.77499) wag AINAIAY
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AN5199 54 Nan1sNAdaulilaa Balance A1uLan

Joyanadeu | 9uuveya nandld Guni)
Tranformer CNN LSTM
sqmsﬁaadaﬂﬂa 2,959 2011279 0.450929 3.128241
sqmsﬁaagamﬂ 200 0.265181 0.144292 0.328518
Chat-GPT

INMINAFUATUNAWIMUATINYATaYaUNATILIY 2,492 FBANY Sednulumg

fiigaldio CNN (0.450929 3unf)) Tranformer (2.011279 3u11) wag LSTM (3.128241

o w £

W) MUEINU BazANYAteyaChat-GPT 91U 200 Yoy Fesdwulinanaanlafe

)

CNN (0. 144292 3u1%) ,Tranformer (0.265181 3u17) wag LSTM (0.328518 1)

ANUAINU

Han13IAUEANSAINAIY DSM-5
Wigvhmsusziiulagldynteyasesnasialny ChatGPT FeUsenaumedaniuiies

14 fiyege nusyanSamvealiinaanaslielieuiuyntoyanan

Yatoyntodil wirlivwndiin wignesnuuulvsiuisennisililin1ieduas
LA¥RINITVDIN1IETUATT NFzAogiugIsaan 143U Liielvidenadodiuinmel DSM-5
dmiumsyszidiunnieguai

1Y

NAN1SUS LU Aa:

v

Transformer YNAANAAAIBAINULIUE 86.67% ANUNINIE CNN ag LSTM il

9

AU 83.33%

Precision, Recall waz F1-Score wandliiuin Transformer flUsgansaimanin

CNN wag LSTM laeanglumunissnuaunasening Precision ua Recall

¥

NTIATIENYATBYATEY (DSM-5 Score)
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AN5199 55 HANISNAABUDINSHAUNA LA U

o/

Jun 21N15NAALAT 2IN13934

2023-12-04 Happy, Happy Happy, Happy

2023-12-05 Happy, Happy, Depressive Happy, Happy, Depressive

Sadness, Depressive Sadness | Sadness, Depressive

Sadness
2023-12-06 Loss of Interest, Loss of Loss of Interest, Loss of
Interest Interest

2023-12-07 Appetite, Appetite, Happy Appetite, Appetite, Sleep

disturbance

2023-12-08 Sleep disturbance, Happy Sleep disturbance,
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