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ABSTRACT

Recently, major depression disorder is one of the major problems in society and it tends to
increasing continuously. So, if there is a behavior analysis mechanism of the that person who is
likely to have symptoms of depression disorder, it would be helpful. And nowadays, the most
common form of contact between individuals or groups is a social media. We can express various
opinions on social media freely. From that idea, this is the inspiration for this research. In this
research, we propose a mechanism for analyzing emotional behavior based on social media data,
and we focus on Twitter. By applying Machine Learning and Deep Learning to analyze various
texts from a person who posts on Twitter. The progress will be used the tweet data extracted from
Twitter to be used as a dataset. In data preparation, Natural Language Processing will be use to
matching the words with the Subjectivity Dictionary, which will have a word score for indicating
feeling. Calculated into scores and grouped by score. Part of the data will be trained by various
models, each type of model comprising Naive Bayes, Decision Tree, Random Forest and Long
short-term memory (LSTM). And another part of the data was used to measure the model's
performance. Then uses 2 types of measurement methods: confusion matrix and AUC (Area under
ROC curve) by using accuracy as primary indicators. From the experiment, founding that the model

LSTM was the most effective method with an accuracy of 92%.
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P(X|C)xP(c)

P(c|x) = P | e (1)
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2.1.4.3 Random Forest
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FUNDINNINABDIUNFFU (Support Vector Machine) 130NFINNUIT SVM [18]

3 a o A g Aa Y v o Y} o I 7 A o
L'lJumﬂuﬂmﬁmmmmeawuﬂu“lcmmﬂmﬁ"mﬁmuuﬂmayja SFWNDININIAD TUNBVUNN

U 9

9 a ) ° ) Yy 9 ' ) = 9
gﬂiﬂumi’Jmiwzwmagauazmuuﬂmaga Iﬂﬂ%gﬁﬁ\‘llﬁuuﬂx‘mﬂﬂﬂqm%@Hﬁﬂgﬂﬂ@umﬂﬁ

U

P [ Y
nszuaumsdou Ingldvanmsvesmsmduilsea@nsvosaumsnanaaslugli 2.6 vimivez
Tszuuisond Tagldanudinny lanmsdenduizudwenueznquioya laanga

a o 4 J ~ a A o 1 1Y = 4
HUIANUAAVDITUND I NINMOSLNTUINAINMIMhAeINquYeyan1ea TuTlines
g y_ oy ' Ay 2 A "9 y
ey (Feature Space) 9INUUILA T WU (Hyperplane) mﬂumumwummmmway.a‘vm
v R o ¢ s ~ A qgYo 9 a 9 ' o
A990NINIY FIFWHoINIMM ST NeRnuUNINE 19T U yaFuduLa TuiTagiiu
{ o 1 I 1 a . g o
doyaniwauluyindludoyanun lidludadu  Falymdaunsoud lalddrenish

E1)

ﬂﬂf{‘]‘}}u Kernal 3J1G|,“19)’}

X, 4 \ :
=
a
W
o ®
§ 8¢,
o O
Ooo
O Op

[ d d =
ETJ 2.6 BNNDININIAD IUNB VU

2.1.4.5 Iasavnglszam

a

(] Id {
Tnsavelszam (Neural Network) [19] iumatiaf@enuuunisizouives

oSt A A A ~ ya A Aaa ° A
’tffll’ENiJ‘lgli‘HEJZJ‘mJﬁHﬂﬂTiW'U’NHJ’é)llﬂﬁljﬁlugﬁW\NG]GluﬁiJ’éN"ll’éNﬁﬁiJ%’m (ﬂ’liﬂﬂﬂ’lgﬂﬂia
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Yy 9

A 4 a a o U
ﬂ']'ilLfJﬂ“]Jﬁ%Lﬂ‘l’]ﬁ\Wﬂ\‘l“]) waalszam (WD) ﬁ]glﬂﬂﬂ']'iﬂ§'$ﬂuﬂﬁﬂﬁm}mmeqWﬂW%%ﬁﬂﬁﬂ

v A 9 = 1 [ I ya =] ° "o Y ()
’é]f]ﬂll']_]fNL!'J‘iE)L!GUNLﬂﬂﬁ@l@ﬂu!ﬂu‘ﬂﬂﬂﬂ LLiJL!'Jﬁ’t’)llﬂ%i]ETJLL‘U‘Uﬂ']ﬁ‘I’n\T]uth“H‘UGBEJH LN
° 1 Y] a ) Yy 9 A o 9 9 ] =]
ﬂ']ﬁﬂ1\'111!i'31Jﬂu‘llfNLl')‘iE)u‘VmVJ“]ﬂ’JVIﬂ“I"iLLﬂ‘IjﬂJuﬂlﬂﬂ“]f‘U“ﬁ@ullﬂ Tasevredseamil

1 2 ¥ 9 v & & J v & o W = o & R
alszreudusug laun seavsunilaiuseausuiiug (nput Layer) 8nseavsuniiaily

Y
U % 1 =

Y Y )
5LAUFUEI00N (Output Layer) taz 1W5EHINNG 2 ¥UIEHIzAUFULOU (Hidden Layer) 399
[l 9 gj 1 gj A 1" W 1 I A 1 3 Ao [ gj 1
26191108 1 FU uAazFUIzFINADA UM UTz UL TasziFon Teap 1 uAuNA UTLAUTUAD Y
9 [ gi 1 [ d' 9 d‘ . 1 a =
wiwazszauyuae 11 awdaalugdi 2.7 1dwden (Connection) FzHINHITOUIZIM
Y v Y ] v 1
TIMITAAMA LB AR IMITA/ANTNAVDINTIFONNITOUADDNUITOUNLY  uazi¥en e

o v J 1 % o 9 (9
ﬂ’NiJ’diJWu‘ﬁ‘izﬁ’ﬂﬂ@’)uﬂﬁu'ﬂ"lﬂuﬁ$GI'JLL‘1J§L{11W§J']EJ
Xo=1
X Wy Wy
\'2‘\ W ~

’T‘* X \"h\ /"\ 0
, A > %—":’:' "

-

Xa Wi/

Activate Funetion

51 2.7 Tassvngdszann

2.1.5 mafsaunauiszansnmue sIEn S wunngu (Evaluation)

d v
2.1.5.1 WNINFANNT VAN

a t4 o 3 . I 9 A
WNINFANNTVEY (Confusion Matrix) [20] 1TIUF1nuBY0INTAT19A13199
= = Y A a A A F) Ll o
NUVI‘]J”I‘VILﬂW’]ﬁfiuﬂWﬁLﬁEJUEEU’E)QLﬂi@ﬁllﬁzjﬁjﬂﬁiuﬂlﬂﬂjs\]@\i GI)"JEJch!ﬂ']ﬁLLﬁﬂQﬂWTVI']u']fJL!ag
~ A =~ ' Y} o 3 a A
ﬁﬂﬂﬂuiu5zﬂﬂ%%§1ﬂﬂ1m@Qﬂl@yjﬂﬂ’liﬂﬂﬁ@ﬂ ﬂ\ﬂlﬁﬂ\ﬂﬂﬂ@’lﬁ’]ﬂﬂ’ﬂﬂWﬂWﬁ’lﬂﬂﬁ3lﬂﬂﬂ 1

(Type I Error) At luasen 2.1

HANIIVIMUN
maeuiluuIn mnouiluay
AU TP FN
1 d‘ 3 A .
1N 1Wuwan (True positive) (False negative)
UND39

Ny FP TN
Wuau (False positive) (True negative)

J [y
1519 2.1 NI NBANNTUAY (Confusion Matrix)
Lo A o 9 Ao 13
- True positive (TP) ABTIUIUTBYANTILUAYAINTUDIN

1 A o F) Ao ]
- True negative (TN) ﬂamuamﬁ)ua‘nmuuﬂgﬂ”ﬂ!fﬂua‘u

U
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" A o 9 A o a ] 2 1A
- False positive (FP) Aot AU ANILUANAINTULIN  F9aN

Y a o

unvsuiuay
. A o 9 o a g 2 1 A Ya
- False negative (FN) ﬂ’e)mmummgawmuuﬂwmuﬂuau SHIATNLNVTN
I
Wuuan
é [ Aa A 1 1 d' o
"]Nﬂ$fﬂll"liﬂ’Jﬂ’]Jﬁgﬁﬂ‘ﬁﬂ?WﬂJﬂ\iIM!ﬂﬁVlmﬂﬂﬂW 3 ATNAICATUIUNIVININUN
?ﬂcﬁmmﬁuau'lﬁ'ufi Precision, Recall,titeig F1-Score

.. A L) a .. <KX o a 1 nm Y g =
Precision ADNITHIATNIUIYNA Positives ‘wmammmwmm‘lu'lmﬂuwmﬁﬂ

. . True positive
Precision = p

True positive+False positive
Recall AoMIMIAINIUIGHA Negative HAUTeMY Hu18DsieRAaz T

=S
WaLgy

True positive
Recall = P

True positive+True negative
F1-Score ABN1TNIAUNAY TEH I Precision N1 Recall
2XPrecisionxXRecall
F1 — Score =

Precision+Recall
2.1.5.2 Area under the ROC curve (AUC)
Aemfifannmanienifeuszuine 6AIM1 True positive LAZA1 False
positive Voaugazaaa@iviue Tagd1 ROC Curve AW ING 1 dzuananidszaniang
WEANAAF True Positive AN 1102 Arca Under Curve (AUC) 1z 1ianaitufildnam RoC

Y 1 a a { (] [
Tagtiiauin1ng 1 azvmenalsz@nsmuwigasun

True positive rate

0 0.2 0.4 0.6 0.8 1
False positive rate

31 2.8 ROC curve
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2.1.6 Python
Python 1WunialunmnlydlumseuTysunsy Tag Python aunsaldarnlduu
wanaunaaoin 'l Windows 10, Windows 7, Windows XP, Unix, Linux  f1a9ad1l

32UU FreeBSD

{ I 7 o o
AenNuNME1 Python Wummilemusess yhliiseusanaunldsunsy
(=Y 1 1 I 4 o
My Python 1o Tagluidea1991e uazarennuilulomusessueeniyi Python 14 H
Y Y 1 o o 9 o o o Y
Anumnmednseiauih Iqdegiumm Python  dwnsasesiumsriianlded

nanvang [21]

2.1.7 Node.js
Y ds( A Yo Y < o 3
Node ANFAINVUNININNITNN fmmamﬂ“lﬁ JavaScript @UITDMNUUDNLIY
N Y A A A W = Y3 o do W . A Y
mnmai'lmwmwummmmmmmmwu Node mgﬂmﬂum"lmmmu JavaScript LWE]Gl‘Vi

. [ 9 A A o a 3}; 9
JavaScript ﬁnﬂiﬂﬂ"lx'ﬂuulﬂﬂﬂﬂmmﬁ”m']ﬂ'ﬁﬁﬂ@]\‘] Node m“lﬂ“luiz‘umma

Q

a 2 = | < = o Y A . a @

9N Node.js daiinnuiiavesntslszuranaiige mldine Nodejs todwaman
2 ' £ L o A o) < 79 Y I Y
VUVRENNNINY  FIaIURTINF 80 11ea NUazaInTumswand lea lmilu 1l 1ded1a

A
J1UaU [22]

2.1.8 Express.js

o s Lo L 2 as > I
Jumsshauuuinanilasuyes Nodejs #2 Express.js Failudswnesaimviie i

5] a @ ad Al Yo a I 1 (B Y 9y a [
mJLLfJ1JWaLﬂ%uw\limaiﬂﬂﬂiummufmLﬂuaﬁnmm meum%ﬂmmuaﬂwmﬂ%mﬂiu

o

ad a [ 1 1
A5a giannozdee]daunaien v Msinaves Node.js 1 Express js 19318aan21mgee1n Tu

o—

2 a ] . va - v & Y A ¢ . ¢
9l esansalday Javascript lananinsaen lanaludagsvnesuas ludelaaweud

o

. I Y A A 3 1A ) . a ¥ o g A '
iae Express.]s NiUoA 1UT0In NG ATUIRSINY Javascript annegulumnienanis

Souionaie [23]

2.1.9 React
A . . d’ / a 4 4
React f® JavaScript Library wgﬂwmuﬂﬂﬂ Jordan Walke #2350 WALITUOI
= ) Yo a 3 Y . . Y
Facebook #a1laq1iu lasuanuteuiluesnuinlud1uues front-end JavaScript library Tusiu

o 3 J 9 Id ) g’/ 1 A o < = o 1
GUE’J\‘IﬂTﬁWﬂJUWHT_l]l“]f@ React Qﬂslslfﬂqulﬂu')\1ﬂj’]\?ﬁ\ulﬁ‘ﬂﬁHﬂmuqﬂlaﬂ‘lﬂﬁluﬂQﬂﬁﬂﬂﬂﬂﬂiﬂfy

1 Y 1 1 . . . <
#1199 MDY Netflix, Airbnb, Instagram, the New York Times Aludu
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. . 1 4 { d 1 1
React 79 JavaScript Library ﬁgﬂﬁ%’wuuﬁammwﬁumﬁiamﬁwmmuﬂa
< 4 a o <
Uszenudldvouiv leansouelnanduiiono React 15U Open-Source, Component-Based,
. d'o/ 9 d' 1 . .
Front-End library Asuninnlummezaiues View luao1dnenssy Model View Controller

(MVCQ) [24]

2.1.10 TailwindCSS
o < ¢ A
Tailwind A® CSS framework aaudasmssonuuumnizadllludylsdiie
~ ) < o - A & o o A '
nasumlasinaveadvladlunsi@er  Snnsdssessumaiengduuudiulsznouan
9

= A 9 ~ ) < 'R
uae1aanNudd CSS classes LW@GlﬁﬁWNWﬁﬂL‘]JaEJHLL‘]_]a\11’?1&W]Wl@\il’)ﬂllclfﬁﬂﬂﬁuﬂhlmlmi'l’l

Re [25]

2.1.11 Redux
o Y A g S YA A 0 VI w 1
Redux 9291700 State Nanua 13 N@e11 Global v l¥iiludseluns
[ ) o ad 1 A = J a o A
AN State TIMTUNANHANTNAITN 1FY Vue, Angular W50 React Badlutowamaun
@ v . v Y Y o o a [ o 9
WAUIA28 JavaScript F98a 11 Redux a3 19anuainave lumswannuedwamsy, i lvuel

wamsuihauluanmnuiadounuanaiani la nazas 1 uedwamsudiensminaaoy [26]

2.1.12 Axios

= o A

Axios fafanaan Idd s uiouaenuingg API 13U udetoyanu RESTHul

4 [ . o Y A < @ Y] a
APT Tagluiseevesmssudadoya Axios vzihwmthinmiowdudinardumsianisusms
9

Y
A199 WBNINH Axios 8981115050951 Promises async/await 1a 53199 Axios 6350951184

N1 JavaScript L8g TypeScript [27]

a v 1_:' d' v
2.2 NUIDFNINYIVDY
= Av A o A =) Y A ~ Yy a K
nnMsfnuIeneInuiTesmsisonjveunses,  mIBeudiHdn  wazms
a y a J @ av
UszunananyIsIINNG ednsziazmanziu lsadueil gi9elanuninenaisauise
A A 9 [ Y] dy
nnevosnaae 11T
. yg 4 o a ) 4 o ¢
V. Mishra and T. Garg (2018) [28] laAnuunendunganssumsldnudedinueoulai

2 1 Y 4

v = Y 1 a a dy ~ aAa
wosnulugatlgiudldnansznuaeguamuaziale vuisetiyariuldinsmisimaz

a

9 A o ¢ A 1 a awv c:‘ =2
ﬂlﬁ]ﬂ'ﬂ?fﬂuﬁ@ﬁ\?ﬂll'E]'E]u"l,auLWﬂﬁiﬁﬂﬁTQTﬂTiﬂﬂHﬂTQﬁ]ﬁiﬂ Tﬂmm’mauﬂzmﬂﬂzmm

Ay 9 A =< 9 a a = 9 A
I’ﬂﬂ'lﬁ‘]/]ﬁ]'lellﬁlQﬂ]ﬁ]ﬂ’)'liJi]ZiJLﬂUIiﬂ“]ﬁJLﬁiW IﬂfJWflﬂiﬂ!'lL‘V]ﬂUﬂ‘V]'Nﬂ15l5€]u3ﬂlﬁ]\1miﬁ]\i a9
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AN AA YA o A P Y [ @ J J = . . . .
ITNUHD aﬂuauqmﬂiﬂvmum Y FWNDININNBIUNTBYY, Single Gaussian classification,
ﬁuﬂﬁ’ﬁ@au%, Sparse L1-norm SVM (Linear kernel) %39 Non sparse L2-norm SVM (Linear
< 4 { a A { o § A 1 .
kernel) (Hudu ionsnsniilszanimmuniiga 911niuld Web-based tool %0731 Social
. . @ A 3
Mediated Patient Portal (SMPP) nadeudoyauumlsyniomanziu Tomaiulsaduaives
uaazau Taafiounuaziuy PHQ-9 TaeiiiaszAUANULTIAI CESD-R N1Idomonld
a 7 P . . ) o~ A ) Yot
MIUATILHANNIAN  (Sentiment  Analysis) VUABUITMIIHOUTIIUINANGA  (K-Nearest
. . o J J ~ a ¢ A 9 = ~
Neighbor Algorithm) g FWwoINNINMaIuurEUluMsInTziie ldmanziunalonian
v 9 ad = ] ' = =
199390 NNIE U TIATUATT 1AaZADEDADINITATINADUAUIDIVDILYAAANNAUTIDINIL

S 1 1 [ a d‘d
Haaelumssnuan1znIang

! v 4 o 4 a
Munmun De Choudhury ef al., (2013) [29] laAnpufeafudoyauudodinnesulai (nia
P & g = ¥ ) 9 ! @
wo%) vownuilulsaduaiilasnendnyuzdonin Wy MIngalz 81308l M1 MIYA
o I aa L @ @
oam wazmayanlsaduad dudu 1dr1d Classifier meadalszgndldnumsduna
1Y a d' [ 4 [ o g}A'A [ 4 A dy
dyanamenganssvuudedinueou lat iy aaswaums Idaediaueou lall mamuau
J { (% 1 & o o
YU FANNFUNINHIOMITHARIBONINLITUMaMIRdNgUIse  Mniusah liifeudy
A g9 Y ) Y R q Ay A A oy
Ground truth fitADYYaAZILY BDI voud1uevoya udrvaldnmsiBouiveunso oS ous
o 9 a S = ) Y gnw A Y o 4 ¢ =
anvazdoyavesnuthoilulsadues1  Tasgameditedon I9dnwesnnnmesuusdu
a Jou d 4 1 a :
ppusiRgandadendunily  Classifier o ldmanzmannznagniadalivesd1daein

g Tsadues TaoTaanuiud 1degn 70%

. . 2 Y= = [ A @ 1 A o
Liu yi Lin, B.A et al., (2016) [30] Ulﬂﬁﬂ‘]sﬂ!,ﬂEJ’Jﬂ“Uﬂ’HiJL“]fﬁ)iJIENﬂui%ﬂ’ﬂﬁﬁ@’ﬁ\‘iﬂm

v 1

&Y A o é =\ Y v [~{ = 9 [ kY] (] A =
poulavinueiurensnuaaiuua liuthoduTsaduad nqualeanaonuey 19-32 1
o U o o 4 o . g
1w 1787 au Tagduanwes Insawniaz 14nf101u PROMIS Depression Scale 1LY
A o o = ] Y 2 a 7 ] : A Vo
MOIATEAVYDI ISATIATT L1AI99AT 121 LAY Chi-square Test ¥1ANUFON o452 1IN
o . Y a g 9y a A 9 o

111)51 PROMIS Depression Score #a231A3121inan8 Tuman1snanas lavaan fideagilnis
A PR A 2 9 A o S v o Ja v o
MelanmamuvuvesmslFnudedianeou lariianuduiusiFauindusuniig Iia

4 [ L o =1 ] I
Fuas TaelSuamslFnudediaueoularily 1 Y IwalagasenuTemalumailulsa
= 9 a Y o [ d' Sld' [ o Y Jd A [
Fua luraalsduass vay snnuiunlsaedianesulaily 1 dleav Iwalasasany

Tomalumadulsadumad luFaulsiuas g

v [ 4 '
Seung W. Choi et al., (2014) [31] ladnsunernuanuaen Teadiyiana ldvesnsihe
& = v & o WY o . av .y Y
AuTsaFuad1ne 3 @214un BDI-II, CES-D, 4ag PHQ-9 iy PROMIS Depression 113398 1@
1 % dyo/ o N I = 9 25 @
aglanuuananvesiiziani vesmsthedlulsaduaime 3 awazanumuzaulu

M3 lFanuauua Toma
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4
v A o

Taed1%3a CES-D Usznou'lide 20 morunazizas ndasenm ldmasinsFueaii
9 ° A W Y = o o = A P P
aelTinumowinnnua ldanuazidesveanamsasivaz dadege Juvunz e 14 luauau
Aa o d‘ 9 Lg Y KX A A o 1 gj
M3398 PHQ-9 vzgnoenuuunuive ¥ ludesduddiiios o dmowmniu auleeinisng
I~ [ [ Aaa 1 1
meailunan Jamngnuldauluadiinnynssy BDI-I gnassaau1an PHQ-9 Lalin21M
azi®eanN 21 M0 e BDII gnoenuuuNuiel¥iudiuyana gaiie PROMIS
. A 9 c;’j k) a o [ a < = ~
Depression  noonuuunie lnsmumsitowazmssny  Imsinuseazideaiigs

o o y 1 1 < Aana
‘]Ji&iﬂ’f)‘]Jﬁ}’Jt’J 28 DU Lla$Gljﬂﬂ'm"liJE]ﬂ’f)®ﬂL!UUNTLﬁﬂﬁlﬁﬁﬂﬁ’f)ﬂ']ﬁ!,ﬂﬂﬁﬂﬁ

a J 4
M. Ghiassi, J. Skinner 118 D. Zimbra (2013) [32] l8AnbIMsans1zHAwidnve souy
o 9 a 4 Ya ) . Y . .
suanntoyaluniames laele35 N-grams 911 Feature Reduction t1ag W1 Twitter-Specific
. A FY a 4 YR Av A S0 Y I 1 . 9
Lexicon ol umsinsiznanugan luauidengaulimiuiinsanyuia Lexicon adl#
A ~ v o W o Y o W o A 9 ]
mavieaAIdIAY  MIaaaNUFUFIUVI0d lMaa Mstinaw MmNl ldnuLess Tu
nianesiau3elum AU NUILIUGIUDI Sentiment Classification 11ag M5 MUUANGUUD

{ [ o 1 ] ] .
ﬂ’J”Illq%:ﬁﬂﬁ Binary Classification (Positive (8¢ Negative) %”lﬁ’waamﬁmmmrmmmu Fire-

a

[

v J a o v
grained classification (Positive, Neutral (8 Negative) WD Taonaansau29e :?J o lanwann
. . 2 2 ) @ . Y ) Y @ .
Twitter-Specific Lexicon Fq1FUNY Twitter 19ANI1 Lexicon $17 11/ 1taz1imnn DAN2 Machine

. 1 o % [ 4
Learning 46319 Sentiment Classification Il UEINNFNNOINOINAB S LUFTU

Reem ALRashdi 11a2 Simon O’Keefe (2018) [33] lavhasdneinisldammsiondizean
a A [ a a 14
lla%fﬂi'ﬂ'ﬁ%ll’)aNﬁﬂTBTﬁﬁ‘iiJ%WlLﬁﬂﬁi’)ﬂi}ﬂsﬁjﬂﬂ’ﬂmﬂﬂmu (Crisis Response) VUNIAUNDT
A q w o s A Y} . Ay 1 A Y o
LWE]i‘]SGluﬂ1iG]i’)i]ﬁ]‘ij’ﬁﬂ1uﬂ1§mﬂﬂmuﬂl@ﬂﬁﬁ%ﬁWH Twitter NAVINTITANNBIUYIAD Iﬂﬂvlﬂ‘lm
mM3naasuulasavielseaIn (CNN tag Bi-LSTM) #4311 Word Embedding 11111 GloVe gy
o o o o 4 a ) . X o
N1 Word Embedding ANURWIZTHIVADIUEMTAURNNY (Crisis Embedding) FINAUINIIN

Skip-gram model Y04 Word2Vec iionanlseansninues luaamsuenisemnnnia

ao ' o . o ¥ o v .
TaonauIe32131M59% Word Embedding vosffninali Glove dreniuiy Bi-
9 v das [l o 1A =< 1 A =
LSTM vz Idnadwinlinnuuiudogi 62.04% Fl-Score FIgINIMUVIY FINIAASIULHAND
7 Bi-LSTM 92 aw1sndudoya’lannil CNN uaz il Crisis Embedding vz 194oyatiosndn
. 9 a 4 1 1 o 1% . Y [l
GloVe Embedding Tumsidhlausunuesilse Teand ua luamnsaaudy Bi-LsT™ 1dfed1

madeldnadnsnaosnin GlovVe Embedding

Ahmed Husseini Orabi ef al., (2018) [34] ldvhmsdsuivemanuinziluvesdlinia

A Y} < = ¥ Aax Ao Y =
maiwmm’ﬂummﬂuisﬂcﬁumﬁ Iﬂﬂ%%ﬂ?ﬁﬂWiﬂ@UW%@Hﬂﬂ?iV]?@iﬂﬂ CLPsyCh2015 Shared

A Y 3’/ A g a = 9 ak
Task NRToyaveansnunoilulsani@a (PTSD wazlsaxsuddi) wazauilnadarums
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Pre-Processing WA W Word Embedding T%}JQLL‘U‘U Random Trainable, Skip-gram, CBOW
1182 Word Embedding optimized frumsdfundanmme anased mﬂﬁy'uﬁi%’mﬁﬁﬂuﬁg%q
ﬁﬂé’ﬂﬂ CNN (CNNWithMax, MultiChannelPoolingCNN, (2% MultiChannelCNN) ttag RNN
BILSTM) 1119 umsTnseiuun Ty Taeluamisozdnarismsien R suifounasns
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Fawadninangafe luwa CNNWithMax 1031 Word Embedding 11111 Optimized

Akshi Kumar ez al., (2019) [35] Tashmsdiseanunenilosnuszringaninanlaaz e
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1Y o a o = 9 9 a 4 = o
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a Jd [ [ . 1 a 4 1 o
Anszian 5 Tadenandeiadoyanien W1INNIAMo TR I Iaun M1 (Word), 1a

$ a . [ 4
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9)3’1 Y = 1 g g’./ g’/ 3.’/ ) o [
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aw [ o Y 1 . .
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a <9 a 4 1 2 A Y [ ~ !
Random forest TUMIAATIZHVDYANIAMDT IUF IV HUABUUD I IFamaaanyuz Ina 11
Yy v ] \ 3 < ' VA o '
91901 a1y Ensemble voting classifier 1uAIsadnziuuANMHUdIUTniNoiuIeN

Y 9 ~ = Y A R aw 9 a 2
vesdeanuiieimsveslsasuainie i Fawanuitennmanadondoyaniamosue

Yo o Y 1 ) 1A
t{ﬂ%mum 100 AU Nﬁa‘l"lﬂﬂﬂ’)nﬂlﬂum@gﬂ 85.09%

' § o o ) o Aa

David John Hughes ef al., (2012) [36] Idnangndednueen la 2 ddemlaijauaznia

IR d A A A a Ao v J A 9 o Aa o Y
mosruiluniosioseationlumslfduiusuazuan)asudoyaludagiv - nuide’ld
=2 =1 =3 a (% a o 9/4' 1Y o’gl.t % .é
AnpwaznSoudeuiaynan anvuziide 01g me Vo Isaodnueoulating 2 @1
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A A = =< 9 Y 23 a ] Vg @ a
NIANUIVBNDIDINIV0I I3AFUIATT 1INUUNNTEY Label voadoya Tagusiauiluluszaunia
o 9 ao o a Y] a Ao
nazluszaudly udseveusazauliwanmsnasssluszaunia Taeluszauninnuidees
o { [~ I'4 4 1 {
wgadeyaiudaiiy 7 Wwed lumsululuea sVM emanuiiniuideanuaziionns
=< 9 = o d @ a Yy ] o 1A .. J
Yo T5ATUIATT FIHAaWT IusZAUNIA IAANULNUGI0GN 61.02% Precision 12.37% LAZA1

ANUATUBIU 80.20%



UNN 3

N1IINLIUD

De

Tuunil gaveldinauemsosnuuulnseadlnesimvesszuy Fulsznoulldie 2

, o [ o A 990 v o ) @
dauwan laun mseenuuyTisunsuinnewa e lsiuneradnsaindennuuu lmilai
< a o 4 o 1 a J

419 nagmseenuuuduueldwimdu e lvd ldansaldauTdsunsuhueraruduaes

g lFauamnsodnlaezidingldae

3.1 MNIIUMIINUUVISUY

JS Front-end Back-end e
?z‘\\\\\\\”///{/ AXIOS d\
A D= - :

End Device
-
i

-

I
°
3J
=]
[}
2
<
W
I

API

o=,

Access

Browser executes

React

& - &
’ 1
Saved Model Saved Tokenizer
Tweepy Predict
Preprocessing Modeling Evaluation
Tweets from API Program

Fetch Tweets Dataset from API

3‘1] 3.1 HHUMNUEAIN TN IINUYDINTITOONUVDISUD

~ Y 3 =X = 1 I v @
ﬂ']ﬂgﬂ“lfl 3.1 LlﬁﬂﬁiﬁlﬁuﬂﬂﬂWW‘i’JMﬂlﬂﬂﬂ13@@ﬂllﬂﬂi$ﬂﬂcﬁ\1gﬂllﬂ\1@ﬂﬂL“]JL! 2 gaunan
v
aane 1T
o 1 dy U = 9 [ A
1.) ﬂ15ﬂﬂﬂl!ﬂﬂjﬂillﬂiMﬂTHTﬂNﬁ - E‘T’Juu‘ﬂzﬂa']'Jﬂ\‘]ﬂTiﬁiNIﬂil!ﬂﬁJVﬂuTﬂNﬁ 13U

Y
U

' <3 9o = |
awamsnusswgadeyasu ldlddrseeenunuiluluna

3 a o 1 £ J 3 a o o [
2.) MILOALLLNLLUNANFY — ﬁ’)uﬁfﬂzﬂﬁ']']ﬁ\ifﬂi@’ﬂﬂLL‘LI‘LIL’J‘]JL!’E]‘]JWﬂLﬂ%uﬁ'IWTU

IERRINEY IR CAL AR



21

3.2 mseenuuuldsunsuyinnena
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advocate verb vy positive
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affability noun n positive
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3.2.3.3 MsuUIYAYea

Train Set
(70%)
. ) X
é
Cleaned Tweets Test Set
(30%)
Train Set
1 (70%6)
1
. - Train Test Split Y
Class, Tag, Label |
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3.2.4 aaumsasulua

fit

o

Class, Tag, Label
Train Set

el
Tweets Tokenizer Feature Vector
Machine Learning
Train Set Algorithm
i % ’
Model
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1) haadoyya Tweets Train Set 1/411n13 fit 11 Tokenizer 1A8H2 Tokenizer 92411013
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v =K

v 1o o < @ < I v o o o L. o
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U

M5IUNNAT Tokenizer (o111 1114 1u Talsunsuvihnenase 1

2.) 111 Feature Vector tazdoyana1aminey Train Set 11vns fit fuTumaau

v E4 v
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- Multinomial Naive Bayes

- Decision Tree

- Random Forest (Depth = 100)

- Support Vector Machine (RBF Kernel)

- LSTM (RNN)
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51 3.10 Jnsea319 LSTM
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embedding_1: Embedding
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80)
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Predicted
Class, Tag, Label
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3.2.6 llsupsuvinnewa
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3.3 mseeanuuuiuvelwamiu
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React

o @

Saved Model Saved Tokenizer

51 3.16 UNUAIKEAINMNIINVRINMSRONKULLIBLRUNARTY
~ < a IR 9 1 @
10310 3.16 naasmnswmsesnuuuuLenARILA Usznov ldredrundn
1 % dsl
3 @ Aald
I 3 S A s & o
1) End Device Ain gnsaingldauldidinaiu]lad wu neuiauaes uiuaa auiin

Toly @ludu

1 Y | 1 a 1 a 4 < L
2.) Front-end A daunihinu dludauaaded 15au naasduaesimaveuin loa v

AlFauannsaldouls

1 [ I 1 . a 1 1 1
3.) Back-end Ao adunasthy Wudmnlius msaiwsetszauTusunsuaen uag

I U A A 1w ad J a J
Lﬂumum%aumﬂuinma oz NI NIAMDS

3.3.2 §lFU (User)

Fd 9
A [

] A & 2~ Y g ' =1
WT],"NW ﬂ’ejuﬂﬂa‘nﬂﬂ FINAITHADINTTUVUNHIIU @N@]'ﬂllﬂu

YA o ¥ a 7 d o ¥

1) glaniiydlsauniamesiunmsinguannsoninng lsaguai
FUR] v A A 14
Yoaaued lakuiyinInnes

2) Aladwnunaden Tsaduad la



3.3.3 anufeamsveaiuueUnantu (Requirement)

3) Aldeunsamanuiineanolsaduai1a

4) AlFNUANNTN0IURBNBIBINY HieMb1 Ingld

9y Y 9 v < [
5.) laenunsaldamldunInsdwiiletensouniu@a
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ID Details Type Priority
9 = 9
RO1 Ejﬂ“l)'ﬁ']lﬂiﬂﬁi')ﬁ]fl’l')gj'iﬂGﬁNLﬁﬁWﬂJﬂ\‘] ® Product MustHave
& -
AU IR ®  Functional
9 = 9
RO2 m%ﬁ’]ﬂ’liﬂﬂﬁjﬁ]ﬂ'ngiiﬂcﬁﬂlﬁﬁ'ﬁl@\? ® Product MustHave
YA u!s/ .
VoIHDU 1A ® Functional
9 o =* 9
RO3 I?jrl‘*]ff’f’]u’liﬂﬂ'llll]ﬂﬂﬂﬁf]ﬂiiﬂcﬁﬂlﬁi'l ® Product MustHave
Y
14 ® Functional
9 = Y
RO4 | FlFannsnguamsnaden Tsadua ® Product MustHave
Y
1 ® Functional
Y 9 o = 1]
RO5 | ldan309au neany lsaduein ® Product MustHave
2
1 ®  Functional
v
RO6 53‘U‘]Jﬁ']ll13@5@\151]1/]\‘]5]1}]']]11/]3]&@3 [ Usabi]ity ShouldHave
NYIBING Y ® Non-Functional
< Y o ,
RO7 LTLIULGWWI’&N'EEN'E U Responsive ® User Interface MustHave
® Non-Functional
3
R08 | D1 lddpananinavuiiens Id ® Compliance to ShouldHave
k)
ATUDIU Standards
® Non-Functional
<3 I 1%
R09 | szuURDUNUYOYAR IMTun1NaY ® Sccurity ShouldHave
® Non-Functional

Y < a U
13N 3.2 mmﬂmmwmnmmﬂwmmu




3.3.4 Use Case

3.3.4.1 Use Case Diagram

Su'laie

wuuvaday PHQ-9 UARIHANTIVIAED L

™

<= Ysens

SasayaNAiInLARS

&,
i
£,

dnyaisaduas

3.3.4.2 Use Case Detail

Use Case: LUUNAT9OU PHQ-9

Use Case ID: 1

Actor: fﬂﬂgﬂ}

Preconditions: -

Flow of events:
] { v
1. Aldaunaldimiunonedeu
9 o a
2. m%ﬁﬁlﬂﬂ1ﬂ13\lﬁ13\lﬂ’ﬂlﬁ]i\1

3. Al¥nadawanisnadeu

Postconditions: LLEAAINANITNATD L




Use Case: LAANHNANITINATOU

Use Case ID: 2

Actor: Eﬁ‘]ﬂj}

Preconditions: YU UUNATDU PHQ-9

Flow of events:
a J Y 9
1. 53‘]J‘]J’Jlﬂi'lgﬁellﬁl%ljﬁiﬂﬂllﬂ‘ﬂﬂﬂﬁ@‘]ﬁllﬁ]\iéﬂﬂf

2. LEAINaNInaaeou

Postconditions: -

o = Y
Use Case: MU0 15AFUIAS

Use Case ID: 3

Actor: éhl“lgf}

Preconditions: -

Flow of events:

v A

Y A o Y a .4
1. E?ﬂ“lfﬂﬂla@ﬂﬂ1u1ﬂﬂjﬂﬂﬂl%°ﬂjﬁlﬁﬂﬁ

a

o

1 A a d
2. Al ldornyiniamos

3. flanatjurhinens

Q

a J a L4
Postconditions: ﬁq%yjamﬂm@mm, UAAINANIIAATIEN

=® 9 a J
Use Case: A4UDYAINNIAADT

Use Case ID: 4

Actor: ﬁﬁ%}

Preconditions: 13111118 T5A% A3

Flow of events:

v A

= 9 o a o A a o
1. 53Uﬂﬂﬂmﬂﬂg’aqﬂﬂﬂlauﬂluﬂ'J@]m@ﬁﬁnﬂ“lfﬂllﬂﬂfﬂ?ﬂm’ﬂi

9

Postconditions: -
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Use Case: uamwamﬁmiwﬁ

Use Case ID: 5

Actor: Eﬁ‘]ﬂj}

o Y
Preconditions: 11118 13a%uas1

Flow of events:

v A

a J Y o a 14 A a 4
1. 53ummiwwmay’a”l"l/laﬂaueluwmmaimﬂ%’aum%mﬁmai

5]

2. LAAINANMIAATIEN

Postconditions: -

Use Case: Yoyalinduai

Use Case ID: 6

Actor: éhl‘%}

Preconditions: -

Flow of events:
1. Al¥nadendoyalsndune

Y =* Y A
2. ugatoyalsnduasniauly

Postconditions: -

Use Case: 1aguniun

Use Case ID: 7

Actor: fﬂ%}

Preconditions: -

Flow of events:
1. dl¥nailoddwalaouniun

Y A A Y
2. Eﬁ%ia@ﬂﬂ’]y?ﬂ@@ﬂﬂ'ﬁ

Postconditions: -
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3.3.5 MINAUITIY Front-end

3.3.5.1 s HAIM s vVl utenan Ty

\SUAY
. X . yunelsAZULAS )
wayai‘sﬂsuulmw oo = NMLUUNAdEU PHQ-9
AEVINLADS
gutayalsndunein nsenTenlininmes AOUADY
WARINANISVITUY WARINANITNAFOU

51 3.7 uwudaaansmawveaduielnaniy
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v <

1 a A\l a U
3.3.5.2 ﬂ13i?)i?)ﬂmJ‘]JET'J‘Mﬂﬂﬂﬂm%ﬂlﬂ\‘inﬂ!!@ﬂwmﬂ“]ju

>

TumsesnuuudIunaof 1% (User Interface) enunsoutivosn laammiiives

Y
Auueilwamsu aane 1T

1.) wihwan (Homepage)

About Us @ english -

Depression Disorder Detection

The easiest way to predict depression

»° | Bl
Twitter Prediction PHQ-9

Simple depression detect by using DDD

Predict depression disorder just using your Twitter account*
s feature Bompatibld with ¢ iy Endiish et

[ ¥ ]
(e

B =t
R YO SA77 BN " 5 7~ A

4

s\

Youlre aligoods

f
AP
! ¥

{ TR
! S

Youdo not have symptoms of depression and 0o need to
‘ roquirs troatment

In case of you don't have Twitter account, you can do PHQ-9 instead

Just 9 Questions

R N
l 2. Foeling down, depressed, or hopeless?

B 24 NI -
¥ 3. Trouble aling orstaying asieep, or sleeping to0 much?

- v
4. Feeling tired or having little energy?

Support for use on multiple platform

Work well on smartphone, tablet or computer

UsSMsaBdouauNWIa 1323

Yy Y U

\ a \
31 3.18 aruAanedlFvivhnan



9 9 .
2) ﬂu%tﬁﬂﬁﬂlﬂyjﬁiiﬂ“ﬁuﬂﬁ

e

hat is depression?

Depression (major depressive disorder) is a commen and sefious medical illness that '
negatively affects how you feel, the way you think and how you act. Fortunately, it is ’

als0 treatable. Depression causes feelings of sadness andfor a loss of interest in (.U «
activities you cnce enjoyed. It can lead to a variety of emotional and physical A ,:.\I

problems and can decrease your ability to funetion at wark and at hame.

Sign of Depression
epressed mood most of the dayynearly every day.
o Lostintere

o Increased fatigue and sle

en problems
iction of physical meyement

+ Changes in appetite andl wei

» Uncontrol e emations

+ Luoking a1 death or aslicide atlempt or a specifie plan for Gommitting
suicide.

What causes major depressive disorder(MDD)?

The exact causa of MDD
condition, 4 combination of g
Changes in the balance of hormones might al

MDD may also be triggered by

ol of drug use
srtain medical conditio
+ Particular types of medicat
» Abuse dufing childhoad

sty roidism
steroids

How is major depressive disorder treated?

» Medications
= Payehotherapy can help you

« &djust 1o a erisis or other stressTul cvent

« Replace negative Beliefs and behavirs with positive, healthy anes

~ Improve your cammunication skills

~ Fingl better ways to cope With hallenges and solve problems

~ Ingrease your self-esteem

+ Regain o sense of satisfaction and control in your life

+ Lifestyle changes
« Eat right
+ Avcid alcoRol and cartain pracessed foods
< Get plenty of exercise

+ Sleep well

Prevention

Take sleps o centrol siess: Lo increase your resilience and boost your self-

esteen.

Reagh out ta family and friends: sspecially in times of crisie, to helo you wealher

rough spells,

+ Gettreatmentanihe earliest stanof @ prablem: to help prevent depression from
watsening,

+ Consider getting long -term maintenance 1reatment: 1c help preventarelapse of

symptoms.

How to support your close people that suffering from MDD?

wcourage sticking with treatment

+ Give positive reinforeement

+ Be wiling to listen

ter assistance

+ Help create a low-stress enviranment

courage participation in spiritual practice, if appropriate
+ Make plans together

Reference

- f psychiatry. P

. A ' definition-dsm-5-ciagnostic-criteria
whealthline.com/health/slinical-dep

mayoclin d

Y Y Y

UG

v a \J =S Y
31 3.19 Srudanedl Frinveyal sndnai
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Y o = Yy 9 v A A 4
3) ‘HuTVITLﬂfJIﬁﬂ“]ﬁJLﬁﬁ']ﬂ’)ﬂﬂﬂljlfﬂ'l@]m@ﬁ

Depression Predict Depression About Us & Eenglish -

’ Predict Twitter Account

PREDICT

Please enter twitter username to predict

. |

Y v

51 3.20 MnAanedlFvinvoyal saduna (n)

U

Depression Predict Depression About Us #B English ~

, Predict Twitter Account

You're all goods
You have depressive tweets less than.28.14%
@ Normal

@ Depressive
LI
J e
Vinn
2
’

You do not have symptoms of depression and no need to
require treatment

4

Y 9

[ a ] b = Vv
31 3.21 MuAanedlivihdeyalsadai (v)

U
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Depression Predict Depression About Us

, Predict Twitter Account

h PREDICT

You might have slightly symptoms of
depression

@ nomal
You have depressive tweets in the range 28.14% - 30.99%

@ Depressive
This what you should to do

« Get enough rest at least 6-8 hours of sleep per day.
« Exercise regularly.

« Relaxing activities.

* Meet friends.

Ref: https://med.mahidol.ac.th/th/depression_risk

. |

Y v 9

1 a 1 IS b4
31l 3.22 muﬂﬂﬂmﬁ"lwmmemisﬂmmﬁﬂ (M)

k'



4) Muunagol PHQ-9

PHQ-9 Depression Test

The PHQ-9 is a 9-question instrument given to patients in a primary care setting to screen for the presence and severity of depression. It is the
9-question depression scale from the Patient Health Questionnaire (PHQ). The results of the PHQ-8 may be used to make a depression
diagnosis according to DSM-IV criteria and takes less than 3 minutes to complete. The total of all 3 responses from the PHQ-9 aims to predict
the presence and severity of depression. Primary care providers frequently use the PHQ-9 to screen for depression in patients.

1. Little interest or pleasure in doing things?
Not at al More than haff the day Nearty svery day
2. Feeling down, depressed, or hopeless?

Not at all Several days More than half the days learly every day

3. Trouble falling or staying asleep, or sleeping too much?

Not at all | Several days. han half the days Nearly every day

4. Feeling tired or having little energy?

B oo fo i the days Nearly every day
5. Poor appetite or overeating?

8. Feeling bad about yourself - or that you are a failure or have let yourself or your family down?

7. Trouble concentrating on things, such as reading the or g
’ ¢ ]
Not at all | Sevefaidays, Marggthan half thesdayss|
L )

8. Maving or speaking so slowly that other people could have noticed? Or so fidgety or restless that you have
been moving a lot more than usual?

Not atall Seleral\ifa 1 & than haif the days 1

Submit

m You were ified as a minimal

Suggestion
May not require treatment.

Ref: /pha-9-patient-health-a.

Yy Y

31 3.23 SauAanedlFvivhuuunaaey PHQ-9
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5.) HUUNYINUII

Depression Predict Depression About Us

About Us

This website “Depression Disorder Detection” is part of Emotion Behavior Analysis Mechanism based
on Online Social Media Data project and this is part of project subjects under the Bachelor of
Engineering program, Computer Engineering, King Mongkut's Institute of Technology Ladkrabang.

This project was created to study the use of machine learning and deep learning to analyze social
media messages and to find mental disorders among social media users. We developed a system that
analyzes and identifies people wha have suicidal thoughts because of depression disorder. The result

is a website that can analyze users' likelihood of depression disorder by-analyzing data from their
Twitter accounts.

IS |

\ a A Yy v d' U
31 3.24 aauRanedlinTiina N
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3.3.6 msﬁmmdm Back-end

y

Twitter Server

JSON
POST Request Get User-timeline

from username

Create temp file dump

user-timeline data

temp’s name
Spawn Python child p Python
process Predict program

JSON Remove temp file

Respcnse
e ——,

31 3.25 mudanaa e ulua 3y Back-end

91103109 3.25 i3 Back-end dz il lumssamaiuaeiszauTisunsuiose 15
Ay vo ¥ 3 o A = g @
Request 9110100 1310 1451 Request 11118292911015 Extract JSON 1dof 19 1A adoyya lnid
P A s ad s Y o v ) < v H ° .
Tavnnmamesiginines nduihmsandldasasanue ] 9ntuezrihing Spawn child
& o A Y A o A Y v J k) o
process #3511 3un51 Python N14158n Tuaariesinnona e lawaansoonuuad aziims

av'lilddns1udrds Response padnina 11 luguuuy JSON

PLOM v o
3.3.7 MswenAeszULINNUNAG
E 4 L : Yy 1 ¢
1Nz 3.25 1WelN15 Spawn child process 9xHNM3ee Argument Gt uFovo d
' 4 Y ] 2 l ,
Fens1fignasevuienudoya lndlai & e 1 1dsunsy Python 1 unsemdeya
4 = A o [ ~
Tnai'laal naziSon Tuaaiievhuiena aweaaslugali 3.26

Python

Predict program
. LT .

temp’s name
Spawn Python child )| P open
process -

temp file

o/

Saved Model Saved Tokenizer

3‘1] 3.26 UNUAWAAINN UV Python child process



3.3.8 daunesza1uldsunsy (API Documentation)

D Y
f13 Back-end ImssaviiaiuaeszauTsunsuld daae lai

o Y v A A 14
1.) NIIMUNGAIIUYFNIANDT

Path https://[Server Address]/api/predict-twitter
Method POST
Header Content-Type: application/json
{
Request Body "username": "twitter username"
}
(JSON)
{
Response Body | wococuon: o,
|lmessage": "",
(JSON) "data": {}
}
Status Code Message

200 OK Success

34 Error! Username does not exist

203 Error! Timeline is not enough to predict

301 Error! Mismatch JSON property

500 Unknown error occurs!

43
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4.2 wamInaaealaaa

4.2.1 #aN1INAAd9 Multinomial Naive Bayes

® PANIIVADU

--- Validate Set ---
precision recall fl-score support

-1 0.83 0.93 0.88 37267
1 0.0 0.77 0.83 31143

accuracy 0.86 68410
macro avg 0.86 0.85 0.85 68410
weighted avg 0.86 0.86 0.85 68410

- 30000
- 25000
=~ 20000
~15000
23962

- 10000

- 5000

31 4.3 nim3ndnnuFuay Multinomial Naive Bayes

FANIIAD

Naive Bayes AUC : 92.46759211426257 %
ROC Curves

o
]
(-3
w
2
8
]
&
o
= -
P o ROC curve of class -1 (area = 0.92)
02 l;’ ROC curve of class 1 (area = 0.92)
o’ = = micro-average ROC curve (area = 0.93)
”' = = macro-average ROC curve (area = 0.92)
00 T T T
00 02 04 06 08 10

False Positive Rate

31] 4.5 Multinomial Naive Bayes AUC

YANIIvTDY
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® jJanaaeu

--- Test Set ---
precision recall fl-score support

-1 0.76 0.88 0.81 13186
1 083 0.67 0.74 11247

accuracy 0.78 24433
macro avg 0.79 0.78 0.78 24433
weighted avg 0.79 0.78  0.78 24433

10000

8000
- 6000
-4000

-2000

< [
31.' 4.4 IN3NFANNTUTY Multinomial Naive Bayes

Fanagey

Naive Bayes AUC : 84.41048627342806 %
ROC Curves

104

05

u
]
=4
v 06
2
=
@
&
v 044
= -
P ROC curve of class -1 {area = 0.84)
02 ’,’ — ROC curve of class 1 (area = 0.84)
»” = ® micro-average ROC curve (area = 0.85)
'1’ = =  macro-average ROC curve (area = 0.84)
00 T T T T
00 02 04 06 08 10

False Positive Rate

31 4.6 Multinomial Naive Bayes AUC

fanagay

1NHANISNAADY Multinomial Naive Bayes WuNdmsudoyaganirvdenTuaalia

anuuiudegn s6% uazdmsvdeyaganaaenlumalimanuuiudiegn 78% uazain

Y
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4.2.2 wamsnaasanuliisaaule

® YAAN3IVTOU L Fanaaay
--- Validate Set --- --- Test Set ---
precision recall fl-score support precision recall fl-score support
-1 099 1.00 1.00 37267 -1 076 0.75 076 15869
1 1.00 0.99 1.00 31143 1 071 072 072 13450
accuracy 1.00 68410 accuracy 0.74 29319

macro avg 0.74 0.74 0.74 29319

macro avg 1.00 1.00 1.00 68410 weighted avg 0.74 0.74 0.74 29319

weighted avg 1.00 1.00 1.00 68410

35000

- 30000
10000
25000 9000
- 20000 8000
- 15000 7000
- 10000 - 6000
- 5000 - 5000
-4000
A ¢ ) f.
31] 4.7 IUNINBANNAVAYU Decision Tree a ¢ o .
3'1] 4.8 INNINBAINAaVUAH Decision Tree
FANIIVaDU
‘lgﬂ‘ﬂﬂﬂ't‘]ll
Decision Tree AUC : 99.99406504108563 % Decision Tree AUC : 73.27427138694343 %
ROC Curves ROC Curves
10 ”; 10 -
’f’ ’l’
08 LT 08 s
b} ’t’ L ,I’
] ” o -
06 o T 06 A g
£ -~ 2 s, g
v 04 -~ v 041 e
H - - -
P ROC curve of class -1 (area = 1.00) P ROC curve of class -1 (area = 0.73)
02 ‘,’ ROC curve of class 1 (area=1.00) 02 ’/’ ROC curve of class 1 (area = 0.73)
- ® = micro-average ROC curve (area=1.00) A = = micro-average ROC curve (area = 0.73)
‘_I’ = =  macro-average ROC curve (area = 1.00) ,—' = = macro-average ROC curve {area = 0.73)
0.0 T T T T 0.0 T r r y
0.0 02 04 0.6 08 10 0.0 02 04 0.6 08 10
False Positive Rate False Positive Rate
3‘1] 4.9 Decision Tree AUC 3 1 4.10 Decision Tree AUC
‘!ﬂﬂi"l‘ﬁﬁﬂ‘ﬂ ‘!ﬂ‘ﬂﬂﬁﬂ‘ﬂ

9 Yo Aa ) v Y 1 ' o

%']ﬂwaﬂ'ljﬂﬂa@\jﬁu"luﬁﬂﬁuﬁl% W']J’J’]a'lﬁi'l]m@yja%ﬂﬂia%ﬁﬂUIulﬂaﬁﬂ']ﬂg'u]lluu&']@q

A o o 9 A "o 1 A =2~ T o

N 100% Lla$ﬁ1wi‘1ﬁllf)i,l"a“lgﬂﬂﬂﬁ’émTmﬂaumﬂﬂmmumﬂgﬂ 74%  BIUANUHNNNU
1 9 1 Y Yo a o A A a Y Y Y 1o

ADUUVINNIN Winﬂﬂ')']il'ﬂiulﬂaﬁullilﬁﬂﬁuslﬂﬁ'lu'ﬁﬂﬂ']u']ﬂﬁ\‘]ﬂlﬂﬂliﬂugl!a’)llﬂﬂ LONITUY

A An ~ @ =
aan lumeiFsudalia



4.2.3 #aN13NAadd Random Forest

® PANIIVADU

--- Validate Set ---
precision recall fl-score support
-1 082 099 0.0 37267
1 0.8 0.74 0.84 31143
accuracy 0.88 68410
macro avg 0.90 0.86 0.87 68410
weighted avg 0.89 0.88 0.87 68410
35000
30000
25000
- 20000
\—uooo
- 10000
- 5000

d
31 4.11 BM3ngANNFVAYU Random Forest

FAnTa0L

Random Forest AUC : 96.87874827025414 %
ROC Curves

I}
]
(-4
w
=
=2
@
&£
o
= -
Qe ROC curve of class -1 {area = 0.97)
02 ’,' = "ROC curve of class 1 (area =0.97)
” = & micrg-average ROC curve (area=0.95)
’1’ ==  macre-average ROC curve (area = 0.97)
00 T T T T
0.0 02 04 0.6 08 10

False Positive Rate

g‘l] 4.13 Random Forest AUC

FANslvaod
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L Fanaaay
--- Test Set ---
precision recall fl-score support
-1 073 092 081 15869
1 0.86 0.60 0.71 13450
accuracy 0.77 29319
macro avg 0.80 0.76 0.76 29319
weighted avg 0.79 077 0.77 29319
14000
12000
- 10000
8000
- 6000
-4000

-2000

a J o
31] 4.12 ININFANNAVUa U Random Forest

FANAIOU

Random Forest AUC : 87.39485766478846 %
ROC Curves

10

0.8

06

TFue Positive Rate

«= ROC curve of class -1 (area = 0.87)

ROC curve of class 1 (area = 0.87)

02 -
,f’ = = micro-average ROC curve (area = 0.86)
’f’ = = macro-average ROC curve (area = 0.87)
0.0 T T T T
00 02 04 06 08 10

False Positive Rate

31] 4.14 Random Forest AUC

FANATY

INHANISNAADY Random Forest WuNdmSudoyagansrvaen Tuaaiimanuuiud

1 H Y
g 88% wazdmsudoyaganadoy Tumaiimanumindegh 77% waznndoyains 2 g9

Tuwatianudanaialumsyienaid 1 nnnead -1 egaoud1awn
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4.2.4 HANINAADIFNWOSNINADSUNTTU

® YAAN3IVTOU L Fanaaay
--- Validate Set --- --- Test Set ---
precision recall fl-score support precision recall fl-score support
-1 092 0.9 094 37267 -1 0.83 0.88 0.86 15869
1 095 0.90 092 31143 1 085 0.79 0.82 13450
accuracy 0.93 68410 accuracy 0.84 29319
macro avg 0.93 0.93 0.93 68410 macro avg 0.84 0.83 0.84 29319
weightedavg  0.93  0.93 093 68410 weightedavg ~ 0.84  0.84 0.84 29319
35000 14000
30000 12000
- 25000 10000
- 20000 L 500
- 15000
- 6000
-10000
-4000
-5000
-2000
1l 4.15 nm3ndinnuFuay svm DI .
31] 4.16 IINIDFANNAVAY SVM
YANITIVABU
anageay
SVM AUC : 96.77011378935609 % SVM AUC : 90.37358006222415 %
ROC Curves ROC Curves
P 10
/”’
Sas 084
2 -7 5
0 - o]
e ™ e
v . v 06
3 -~
% ,/' E 04
'E ROC curve of class -1 (area = 0.97) »#+— ROC curve of class -1 (area = 0.90)
ROC curve of class 1 (area = 0.97) 02 »*7 |7 ROCcurve of class 1 (area = 0.90)
micro-average ROC curve (area = 0.97) e : : micro-average ROC curve (area = 0.91)
* macro.average ROC. curve (area = 0.97) ¢ - macro-average ROC curve (area = 0.90)
y T y 00 02 04 06 08 10
04 06 08 10
False Positive Rate
3 417 SVM AUC 31 4.18 SYM AUC
LRUERLLLL yanaaoy

o 4 4 1 o [ 1
INHANTNAADIFNNOTNINIADTUNTFU W‘U’ZﬂZ’f’l‘ﬁﬁU%ﬂgﬁ‘l}ﬂﬂi’)%ﬁﬂﬂiumﬁﬁﬂ'l
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4.2.5 wan3nAaedln3anelsza iUy Long short-term memory

® PANIIVADU

--- Validate Set ---
precision recall fl-score support

-1 098 0.97 097 37267
1 0.96 0.98 097 31143

accuracy 0.97 68410
macro avg 0.97 0.97 0.97 68410
weighted avg 0.97 0.97 0.97 68410

35000
30000
- 25000
- 20000
\- 15000
- 10000
- 5000
-1 1
J
31 4.19 BM3ngANNFVaU LSTM
YANTIDABY
LSTM AUC : 99.56614051497972 %
ROC Curves
10
r ”
f”’
08 Q
u ,”’
o A%,
; 06 prad
g e
& -
v 04 ,"
= -
) ROC curve of class -1 (area = 1.00)
02 ’,’ ROC curve of class 1 (area = 1.00)
- = = micro-average ROC curve (area = 1.00)
’r’ = = macro-average ROC curve (area = 1.00)
00 T T T T
00 02 04 06 08 10

False Positive Rate

31 4.21 LSTM AUC

YANIIgIY

® jJanaaeu

--- Test Set ---
precision recall fl-score support

-1 0.93 0.92 0.93 15869
1 0.91 0.92 092 13450

accuracy 0.92 29319
macro avg 0.92 0.92 0.92 29319
weighted avg 092 092 0.92 29319

14000
12000
10000
- 8000
- 6000
-4000
- 2000
J
71 420 nn3ndaNEFUaY LSTM
Fanaaay
LSTM AUC : 97.65463702465422 %
ROC Curves
10 prd
””
08 { g
u -~
3 -
E -~
v 04 -
& -7
o a ROC curve of class -1 (area = 0.98)
02 ’,’ ROC curve of class 1 (area = 0.98)
2 = = micro-average ROC curve (area = 0.98)
’z’ = = macro-average ROC curve (area = 0.98)
00 T T T T
00 02 04 06 08 10
False Positive Rate
31 422 LSTM AUC

FANATIY

MINHANITNARE91AT918152a MUY Long short-term memory WU DToya%yA
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Validate Set Test Set
Model

ACC AUC ACC AUC
Multinomial Naive 86 92.46 78 84.41
Bayes
Decision Tree 100 99.99 74 73.27
Random Forest 88 96.87 77 87.39
Support Vector Machine 93 96.77 84 90.37
LSTM 97 99.56 92 97.65

M319 4.1 agdmanaiugvesnnluaa
Validate Set Test Set
Model
P R F1 P R F1

Multinomial Naive 0.87 0.85 0.86 0.80 0.78 0.78
Bayes
Decision Tree 1.00 1.00 1.00 0.74 0.74 0.74
Random Forest 0.90 0.87 0.87 0.80 0.76 0.76
Support Vector 0.94 0.93 0.93 0.84 0.84 0.84
Machine
LSTM 0.97 0.98 0.97 0.92 0.92 0.93

M1519 4.2 a3 P, R uaz F1 vaannlaaa
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NnrHamsnaassluaaluy 4.2.1-4.2.5 awwimiun Tuaalasainelseamuuy Long Short-
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4.5 wamsnaavsanaaeulmaanuyavaya CLPsych 2015

0.08 -
0.07 -
0.06 -
0.05 1
0.04 1

Probability

0.03 1
0.02 1
0.01 -

0.00 -
10 20 30 40 50

o ' 9 % oy )
AT IUVDAINVIAUADVDAINUNNHUA (%)

31 423 MmInaasInageulmanuyaveya CLPsych 2015

o @ 9 4 o a 9
nnnaasui luma lnageuniugadoya CLPsych 2015 lliiohuenia (dFonw)

A A s A Y z v ~

9
auml,maz‘um%mmmsLﬁama@1i1muﬁvaﬂ'mJ6uaau@1aGﬁ’ammmﬁm'lﬁ’wamuﬁm“lugﬂ1/1

g

< Y1 YA~ = 9 A o v 9 ¥ "9
4.23 ‘ﬂ%L’Hullﬂ?l'lPﬁ“]f“l/lﬂfﬂﬂ']ﬁéll@\1TiﬂG]ﬁJLﬁiWﬁ'JUM']ﬂfl]%iJfJ@li'lﬁ'lusll@ﬂ'ﬂiﬂna’ﬂﬁﬂﬂlﬂﬂ'ﬂil

9 9
v A o 1

nanunaglugae 30% douthan nindeyatiildaunsadinama Q1,Q2 naz Q3 ldeg

Q1 =28.14/ Q2 = 31 / Q3 = 33.75 &3s1 Quartile 3z liTlunaailumssziiiulsa

Fuadeo 'l

U

4.6 WSsumsvlassnunUNUIENINGIVY

4.6.1 Classification of Depression on Social Media Using Text Mining

911 1A3991115049 Classification of Depression on Social Media Using Text Mining U943
Nikie Jo Elauria Deocampo (2019) l&lnanisnaassiailum AUC veavoyasga Validate lu

A
52AU Tweet-level a0 11/
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Model AUC (Validate Set) (%)
Naive Bayes 93.79
aulddagula 98.56
%}WWﬂgﬂlﬂﬂ!ﬁﬂgllu‘H%u 50.00
Bmaieutmlndiqa (k- 81.46
Nearest Neighbour)
Random Forest 49.10

1914 4.3 HaN13INAAD4 Classification of Depression on Social Media Using Text Mining

Ao A A Y Yo A & A Y
nNAT N 4.3 Tueanangaae luaadu lddaduladelisn  AuC vesdoyaya
Validate 9g7 98.56% 1Ho1hin1snfsouiouanuveus lumsnd 4.1 wunanuveusii lumai
4 v
A1 AUC voedoyaya Validate gani10uiiog 2 Tuaa ldun Tueadu lidaduladgedian Auc
é =

Yo9oyayn Validate 047 99.99% taz luwa Iaseielszaniion LSTM aaiian AUC w04

Yoyadyn Validate 0g7 99.56%

Q

4.6.2 Monitoring Tweets for Depression to Detect At-risk Users

DL RGERRRIVIERK! Monitoring Tweets for Depression to Detect At-risk Users U89
. . Y = g 1 [} ) 2
Zunaira Jamil {tazAe (2017) 1alManIINAao ¥ UAIANNLUUE Precision Recall tag Fl

9 @ @ dy
VDNUDYAYA Test Glui%m Tweet-level mm‘lﬂu

Model Accuracy Precision Recall F1
(%)

Baseline 94.69 1.0000 0.0111 0.0219
Exp1-Original 93.37 NA 0.0000 NA
Expl-SMOTE 78.16 0.1706 0.5939 0.2650
Expl-Undersample 61.02 0.1237 0.8020 0.2144
Exp2-Original 93.03 0.2222 0.0203 0.0372
Exp2-SMOTE 77.11 0.1124 0.3553 0.1707
Exp2-Undersample 61.43 0.1219 0.7766 0.2107

19149 4.4 HaN1INAADI Monitoring Tweets for Depression to Detect At-risk Users
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= A

MINATN 4.4 NUN TumaitiaIAMNILUE 1Az Precision gaNigafo Baseline Fa1iA1

Q

ANUIINEIDEN 94.96% azA Precision 8¢ 1.000 TuwaiiiA1 Recall galigafo Expl-
2 A 1A A A A K A
Undersample %3431 Recall 8¢ 0.8020 waz Tumania Fl gangane Expl-SMOTE $iuA1 F1
1A = = = ' A A a a
981 0.2650 oMsfToumsunuveus luas e 4.2 wuhlumaveusnilseansnim
d‘ ) =) g: = a a 1 1
ganga (Insevelszaminen LSTM) vousiullszansninganinlua1ved Recall 1ag F1
] H 9
TagliAn Recall 887 0.92 yazA1 F1 8¢ 0.93 e lUdIuv03AIn1uuiud 1ag Precision Uil

Tunaveusiisz@nsnmiiaosn Tasliaanuusiudregn 92% taza Precision 041 0.92

4.7 wamsnageuIueUnanyy

4.7.1 wamsnaaevananinvaaIute Nty

vy v oA A

Y o =< Y a 4 Y o v A A 4
1.) Til!”W]”lLl”lflIiﬂ"]flllﬁi”lﬂ')f]llﬂ]%‘ﬂ')@l@ﬂﬁ m%ﬂ1ﬂ1§ﬂ§@ﬂ%ﬂ YTNIAADT LASHA

o

1 o 4 v A A 4 o o v J
‘IJqlWH’LHEJWﬁ ﬁWﬂ%@UﬂJ‘H‘V]’JGlm@ﬁgﬂﬁﬂﬁi%ﬂﬂ%$ﬂ1ﬂﬁﬂ1uw UagaaInaans

113711118 (RO1, RO2) fiataad Tugila 4.24

Predict Depression Abaut Us @8 English ~

You're all'goods

You have depressive 1weets less than 28.14%

9 N
Vo n
Ny

You do not have symptoms of depression and no need to
require treatment

USMIsanedougunIwaa 1323

< Y o =< Y Y v A A d

3‘1] 4.24 fni‘ﬂﬂﬁi’]‘un‘U‘ﬁu]‘l’nu]ﬂiiﬂ"ﬂ?»l!ﬂi"lﬂ’)ﬂ‘my‘lfﬂ]ﬂ!ﬂﬂﬁ
2 9Y A a ds( F) VA v A A o 1 A 9 o
NINUUDHANATIRNAUU nlﬂl!,ﬂ ¥O ﬂﬂmmﬂaﬂmag%ie ﬂ‘%mmmamm‘lu"lm

4 (=1 ' o 1 A 1" o Y
"lau;ﬁ%’"lmwmwamﬂmimmﬂ uaz"lummimﬂmmaﬂu API Vlﬂ I2UVUIT

J a A a ds!
UFAINAATUVDHNANAIANINAYU
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Y o =2 9 Y o o a Y
2) HIMuUUNaao U 15NN PHQ-9 mﬂfﬂ']ﬂ'lﬁﬂ’ﬂﬂﬂ1ﬂ'mﬁ1ﬂﬂ')'mGﬂﬁxﬂfﬁﬂﬁ‘ﬂ
NNAo LAINALNEIMADY TTUVILUAAINLUUY LAZRANTHUUUNATOY (RO3,

R04) Auandlugii 4.25

8. Moving or speaking so slowly that other people could have noticed? Or so fidgety or restless that you have

been moving a lot more than usual?
More than half the days

9. Thoughts that you would be better off dead, or thoughts of hurting yourself in some way?

Several days

You were classified as a mild depression.

Suggestion
May require only watchful waiting and repeated PHQ-9 again

Refthttps:ffwww.mdcalc.com/phq-9-patient-health-questionnaire-9

USMIsSaneaoUdUMWIQ 1323 ¢

51 4.25 msnaaeuIunTInULNATEY PHQ-9
3.) milwhdoyalinduad1 Jldamnsnoiusieaziden uazAndoyanednulsn

Fuied 118 (Ro5) Aaaaslugii 4.26

hat is depression?

Depression (major depressive disorder) is a common and serious medical illness '
that negatively affects how you feel, the way you think and how you act. Fortunately, :
it is also treatable. Depression causes feelings of sadness and/or a loss of interest in ( " ((

31 4.26 ManaaeuiurThvayal sndnai
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A o Y o A A A v o
4.) NUDVUINN m‘]fﬂ']ﬂ'lﬁﬂﬂﬂ Drop-down NH1 LAZIDDNNIHINADINIT TEUVITN

3 ! o :
MIuaaIiAUANNEING [aen (Ro6) auanslugdi 4.27

English
nuing
1 4.27 msnaaeumsiaeun i

5)  wihdvzihmsdsugluuudaased 1y 1dmng audugunsaingld Faou

(R07, R08) Aduaaalugili 4.28 naggiin 4.29

> @ localhost 3

@I Depression Predict Depression About Us @ English ~

' Tt

NS
= A P
Predict Twitter Account F=

PREDICT

Please enter twitter username to predict

Y Jd
31 4.28 manaaevlinuvisaaniied



15:38 Fri 12 Mar 2 65% M
< M [aa 192.168.1.3 e M +

Depression Predict Depression About Us

’ Predict Twitter Account

PREDICT

|
Ly s

Please enter twitter username to predict

Y 3 <
31' 4.29 mmﬂaaﬁ!mmvmmmaﬂ

15:38

O A 192.168.1.3:3000/predi

Il Eil &% English ~ ==

Please enter twitter username
to predict

51 4.30 msnagevlinuuuaIn Iy
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6)  szuuey lidamedoyatennuniavulnilatvesdly  awdelfiidves

v o 9

. . Ay Y a . Ay 19 ¥
Twitter Developer Policy Niivoanudoanaslunislsusnig Twitter API 71 131%

o 9 A= 9 1 o 9 (=) 3 9 a
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A o a 9 Aq ¥ a . =2 9 3
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Y
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° d a d Y
4.7.2 wamsmamms‘nmwwamn"lwﬁ"laumﬂmmmm@m

o o ' a J 4 < a )
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TarinInnesve ¥
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= Re e 3 Unf (%) FUIA31 (%)

= = (el ale

o Da - -

2 | 2| E | E

= 2 =)

X &8 | 2
A1 1 v 82.70 17.30
Al 2 v 76.30 23.70
A1 3 4 69.70 30.40
A1 4 v 78.40 21.60
Al s v 66.00 34.00
114 6 v 54.60 45.40
Al 7 v 86.30 13.80
14 s v 85.30 14.70
ASE 4 78.50 21.50
419 10 4 80.60 19.40
A9 11 v 73.80 26.20
A9 12 v 90.30 9.70
A9 13 v 73.50 26.50
A1 14 v 69.30 30.70
A1 15 v 83.90 16.10
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4.7.3 wamanaaevaluaelszanulilsunsy

TudruveamnaaovuaiuasllszauTlsunsuinld lasld Tasungy Postman
NATOUNIAI POST Request 11111 Back-end Server Taariviua Body Tugiiuy ISON aataag

Tugai 4.31

POST v http://localhost:8080/api/predict-twitter “ Save v

Params  Authorization  Headers (9) Body ®  Pre-requestScript  Tests  Settings
none form-data x-www-form-urlencoded @ raw binary GraphQL JSON ¥ Beautify
1 f
2 “username”: "mi
i

51 4.31 20619 POST Request Tiffiaaudetszaulilsunsu (n)
A Yo 3 v Y o a 2 o
1i® Back-end Server 1951 Request (V0ULLA ITADININITLIYN Process YHUINIWNIU
Tagaztaaanaly Terminal Y9 9H Back-end 111319 4.32
Listen on port 8086

Fetched @mil
Create temp-

on process sta

7 A o v
gﬂ 4.32 Back-end Terminal {3 Request (UIN

4 g £ o v J @ @ A
11/® Process 13 9@1 92711115 Response Haaws ISON nau 'l awaaslugid 4.33

POST http://localhost:8080/apifpredict-twitte: m Save v

Params  Authorization Headers (9 Body @ Pre“request Seript: ~~_Tests™ * Settings
none form-data x-www-form-urlencoded raw binary GraphQL 4J v Beautif
1
2 “username”: "mi ‘
300
‘ I e B crarie 200 OK  Time: 32396  Sizar A58 R Cave Resnons
Body Cookies Headers (9) TestResults @ status: 200 0K e: 32395  Size: 458 B Save Response
Pretty Raw Preview Visualize JSON ~ % m Q
L
2
3
4
5 9,
6 "depressive”: 29.51
7 "result": “slightly_depression”
8 ¥
9 1

31 4.33 #2081 POST Request Tiffiaausoiszanidisunsu (v)
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