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E-OPY=H NQ2H2 AI'NO AEAOMENA

«H €&dpugn dedouévwy eival pia dia-
OpaacTIKN dladikaagia TTou TTEPIAAUBAVEI
TN OUYKEVTPWON Twv OEdONEVWV O€
Mop®r} EUVOIKA yia TRV avaAuon. MOAIg
dlapopPwblouv Ta OcdopEva, TIPETTEN
va  KaBapiotouv  eAéyxoviag  yia
TTpo@avr) o@AAuyaTta 1 eAATTWPATA
(6mwg €éva  oToIXEiO  TTOU  Eival
ECAIPETIKA  OKPaio) KAl aTTAWG

a@AIPWVTAG TA ».
(Forcht & Cochran, 1999) OPIXMOI

"O1 avadntnoeig eE6puUENG OEDOUEVWV VIO KPUPEG
OXEO€IG, MOTiPa, oUoXETIOEIG Kal AAANAECAPTACEIS
oc PeyAAeg Paocelig dedopévwy TTOU MPTTOPEI Va
TapaBAéwouv ol TTapadooIakés  pEBodOI
OUA\oYNG TTANPOYOpPIWV".

(Gargano & Raggad, 1999)

«H €goputn dedopévwv  gival N
dladikaaoia eQapPOyNg TEXVIKWV

«H €goputn dedouEvwyv  gival N
O100IKOOia  €UPECNG OUOXETIOEWV N

TEXVNTAG vonuoouvng (ehile HOTIBWYV avaueca ot dekddeg TTedia o
TTPONYMEVN MovTeAoTTOINON Kal MEYAAES OXECIOKEG Baoeig
OIEyepON Kavovwy) ot €va  Peyalo OEDOPEVWVY.

oUVOAO OeQONEVWIV yia TOV
TTPOODIOPICKO  TWV  TIPOTUTTWV  OTA
dedopEVaY.

«Q¢ eaywyn yvWwoewv, avakdAuywn (Palace, 1996)

TTANPOPOPIWYV, GUAAOYH TTANPOPOPIWY,
OlEPEUVNTIK)  avaAuon  OedOoUEVWY,
(Ma, 2000) apxaloloyia dedouévwy, eTTECEpPyaTia
TTPOTUTTWYV OedOPEVWV  Kal  avAaAuon
AEITOUPYIKAG £€CApPTNONGY.

(Imberman, 2001)



E-OPY=H NQ2H2 AI'NO AEAOMENA

AvaAuon ayopdg
Amazon (Ayres, 2007)

laTpIkni
Aidyvwon- Npodidbeon
(LavraC€ kair Zupan (2005)

TnAgdpaon Kal padidépwvo

Etaipikn AvaAuon AnpoTikéTnTa (Zhu, 2017)

Avixveuon atmmarng
TNIOTWTIKEG KAPTEG
(Brause et al., (1999)

AcTtpovopia

TTPOCOIOPICHO TWV PUOIKWV
TTAPAMETPWY TWV YOAAEIWV
(Wang, 2008)
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(Pang kai Lee, 2004), (Kennedy ka1 Inkpen, 2006),
(Moghaddam kai Ester, 2010), (Pak et al, 2010),
(Maas et al (2011), (Wang kai Manning, 2012),

(Narayanan et al (2013), (Amine et al, 2014),
MHXANIKH MAGH2H HarishRao et al, 2017

(Rajman ka1 Besancon, 1997), (Zhuang et al, 2006), -
(Denecke, 2008), (Khan, 2011), (Kaur ka1 Baghla, 2018) AE=IKA

(Benamara et al, 2006), (Liu et al, 2006),

METPA- BAPH (Chen kai Wu, 2008), (Abbasi et al, 2008)

(Moghaddam kai o Ester, 2011), (Albornoz (2011), KATATA=H-
(Chen et al, 2013) AHMOT'KOTHT




Etmrecepyaoia ouoikric yAwooag (NLP)
aoXOAEITal PE TIC AAANAETTIOPACEIC METACU
TWV UTTOAOYIOTWYV

KAl TwV avOpwITTIVWV (PUOIKWYV) YAWOOWV
(BAaxapag et al. , 2006)

il KANONEZX XYZXETIZHZ

®_ -

A =B, pe 1o Akai To B va atroteAci
EVa OTOIXEIO ATTO TO GUVOAO
)l Yvwpliopatwy | yeoa ota dedopéva | M AIN = $
KAIASIL,BCI,  ANB=0, S \;-: B -oEPAPAYS - AvakdAuyn yVWong oTré Keipevo

gl ol b | BSOS ) 1 VAR (KDT) (
=091 T 1k OO | ' B= S o ECOpuln kelpévou (TM) '
ra - e . v -9
: 3 < roin, 0\ MRt O PO , {
3 : : . aedh - R Nz Bl ofip iy == s oA o 3 = ~ : B
-1 +. p Q;\,\b-, W) ) L [ Caea ¥ «H avakaAuyn yvwong o Keipevo
°'® LRSS D7) ] (Da | S e IR (KTD) cival pio pn TETPIPpEVN
' Y 9 " gv AT P diadikaoia avakdAuwng EYKUpwy,
Kaivoupyiwyv, duvnTIKA XProIuwY Kal
o TEAIKA KATAVONTWY TTPOTUTIWYV O€

@ SO NG s L« 0cdopéva Kelnévouy (Fayyad ko
: Eaee Piatetsky — Shapiro, 1999)

@ @ S ) . ' .. 5 @




OPIZMOI

2T0IXEI0OUVOAO : « Eva ouvoAo atrod diakpITa oToixeia opidetal wg 1={i; ,
iy, ..n, I}, EVWD €Va OTOIXEIOOUVOAO OpiCeTal €va UTTOGUVOAO TOU I».

ZuvaAAayég : « ‘Eva ouvolo atré ouvaAldayEg TTapouaiadetal wg T={t, ,
t,, ..., ty}, OTTOU KGOt t €ival Eva OTOIXEIOTUVOAO».

Y1ooTApIgn : «YTTooThPIEN Kavova-support (S) €ival To TToo000TO TWV
ouvaAAaywv TTou TTEPIEXOUV TO X KAl TO Y (XU Y) hE TUTTO UTTOAOYIOOU
o(X U Y)/ |T|, 6mou o(X U Y) n ocuxvotnta eu@Aaviong Tou
oTOIXEIOOUVOAOU TToU TTEPIEXEI TO X Kal TO Y Kal |T| o apiBudg tTwv
doooANYIWV».

EummoTtoouvn : «EptTioToouvn — confidence () avagEpel TTooeg atod TIg
OUVOAAQYEC O€ TTOOOOTO TTOU TTEPIEXOUV Kal TO X KalTo Y (X U Y) ue
TUTTO (X U Y)/o(X)».

EAaxiotn utrootipign: «O Kavovag TTPETTEl va €XEI UTTOOTAPIEN
MEYAAUTEPN aTTO TO OPIO, TTOU OVOPACZETAI EAAXIOTN UTTOOTHPIEN
(minsup)».

EAGxiotn gutmotoouvn: «O Kavovag TTPETTEI va EXEI EUTTIOTOOUVN
MEYQAUTEPN ATTO TO OPIO, TTOU OVOUACETAI EAAXIOTN EUTTIOTOOUVN
(minconf)».

2UXVA OTOIXEIoOUVOAQ: «Ta oToixeloouvoAa(itemsets) TTou €xouv
UTTOOTAPIEN MEYAAUTEPN aTTd TO MINSUp KAAOUVTAl CUXVA 1] HEYAAQY.
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AEAOMENA

“emotion stimulus”
2.415 gyypagég

210 oUVOAa dedopévwy D4,D5

ka1 D6 kafe tweet
ouoxeTifeTal pe Bdon Tnv
TTOAIKOTNTA , dnNAadN BeTIKG/
apPVNTIKA

[Happy, Sad, Anger, Fear, Shame]
“text emotion”
———> 39.812 tweets
[Sad,Worry, Happy, Surprise, Love, Relief, Fun]
([ J

“customer support”
“Coachella” | «—o
4.173 tweets

19.633 eyypagEg
“extra data”

[Fear, Anger, Surprise, Love, Joy, Sad]
12502 eyypagég | <« *® D5

Ta apyeia D1,D2 kai D3

KOTNYOPIOTToIoUV KAOE

“twitter argument” Eyypao@n o€ éva cuvaiodnua

27.465 tweets

A




YAOIOIHZEIZ

o

PYTHON

AEAOMENA

AMNOTEAEZMATA

o

RAPIDMINER




PYTHON

EIZAFQNTAI TA AEAOMENA

DATAFRAME

read_csv

pandas.DataFrame(data=None, index=None,
columns=None, dtype=None, copy=False

f
AIAAOI'H TQN KANONQN Moy
MEPIEXOYN XTO AE=IO MEPOX
ZYNAIZOHMA MPOENE=EPrAzIA TQN
rules_rhs = filter(lambda rule: rule.rhs == KEIMENIKQN AEAOMENQN

“sentiment”, rules) nltk

.

APRIORI
transactions = list_of tweets

rules = apriori(transactions, min_support=1,
min_confidence=1)




EPIFAZIA AEAOMENQN

[MPOETT

ADQAIPEZH TON STOPWORDS

stopwords.words(‘english’)
.x. [happy, really, cheerful, groups, now |

AHMMATOIMOIHZH (LEMMATIZATION)

lemma = WordNetLemmatizer()
lemma.lemmatize(word, pos = "n")
lemma.lemmatize(word, pos = "s")

I.x. [happy, really, cheerful, group, now ]

AMOKATAAH=H (STEMMING)

PorterStemmer.stem(word)
SnowballStemmer.stem(word).
.x. [happy, real, cheerful, groups, now ]

NAEZIKOOPA®IKH ANAAYZH (POS TAG)

postag(word)

.bigrams(postag)

M.x. [(happy, Adjective), (real, Adjective),
(cheerful, Adjective),

(groups, Noun), (now, Adverb)]

‘ AlIAIPEXH 2ZE OPOYZ (TOKENIZATION)

.to

kenize().

M.x. [happy, "1, ',m, really, cheerful, in, the, GROUPS, NOW, !, ", ]

METATPOINH 2E NEZOYZ XAPAKTHPEZ

Mn

Jdower().

X- [happy, "I, ',m, really, cheerful, in, the, groups, now, !, ”, ]

ADAIPEZH APIOGMQON KAI £YMBOAQN

.isalpha(),
M.x. [happy, |, m, really, cheerful, in, the, groups, now ]



PROCESS

DOCUMENT FROM

DATA

NOMINAL TO TEXT

READ CSV ?

O

®

RAPIDMINER

W-APRIORI

®
NUMERICAL TG

BIONOMINAL




FToCcess
Read CSV Hominal to Text Process Documents W-Apriori

; H,ﬂ 2 ,,,F Aﬂ m Tm i ass [)- :E

merlcal to Binomi...

Tm & exa

'IIlUII |




[MTPOEINE=ZEPIAZIA AEAOMENQN

EXTRACT TRANSFORM STEM FILTER

CONTENT CASES (PORTER) TOKENS(POS TAG)

8 35y Do

TOKENIZE FILTER STEM
STOPWORDS (SNOWBALL)
(ENGLISH)



Extract Content

q doc doc D

©

Tokenize

(] doc

doc )

Wi

Transform Cases

Q doc doc D

il

Filter Stopwords (En...

d

doc

—

doc

D

Filter Tokens (by PO...

d

doc

~
A

il

doc

D

Stem (Snowhball)

d

doc

Wil

doc

Stem (Porter)

doc

il

doc |

doc

doc



TL : dwaipeon 0V KS!;VOU € OPOLVG KaL, - :,'j
LLETOTPOTN] TV YOPUKTI POV OE RSCOU e

TLS: dwaipeom tov KSL},LSVQD o€ opoug, =
LLETOTROTY| TV YOPOKTI POV, GE nsgoug Koa—
apaipeon towv Stopwords d

TLSS: Swupscm TOV Kstusvov o8& opeug,
HETOTPOTY TV YOPOKTNPOV OE nsggmg, 2
agaipgon Tov Stopwords Kot aROKara?n]&q

TLSL S10ipeom Tov KEUEVOD oe @po;)g PE =

LETATPOT TV YOPUKTIP®V G& naf;cmg,-__ Ss
agaipeon Twv Stopwords kot An ptuononomo

(™ =4

TLSP: wipeon Tov KeyEvoy 6€ GpPovC, oy

'Y \ -/
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min_sup=20%

min_conf=20%

min_sup=30%

min_conf=30%

min_sup=30%

min_conf=37%

min_sup=30%

min_conf=40%

min_sup=30%

min_conf=45%

119

97

82

51

67

53

22

182

113

102

84

O

MARBoG cuxvwv

OTOIXEIOOUVOAWY TWV
D1-D3 ue didpopa

eAaxioTa 6pia

eAaxioTa opia

iy

MARBo¢ cuxvwv
OTOIXEIOOUVOAWYV TWV
D4-D6 e didgopa

min_sup=30%

min_conf=30
%

min_sup=69%

min_conf=69
%

min_sup=80%

min_conf=86
%

min_sup=82%

min_conf=89
%

267

89

74

313

115

96

283

102

85



min_sup=10%

min_conf=10%

min_sup=20%

min_conf=20%

min_sup=30%

min_conf=30%

min_sup=30%

min_conf=37%

min_sup=30%

min_conf=40%

min_sup=30%

min_conf=45%

min_sup=69%

min_conf=69%

min_sup=80%

min_conf=86%

min_sup=85%

min_conf=85%

min_sup=82%

min_conf=89%

199

46

42

35

11.745

385

33

14

940

185

72

44

33

19

370

209

188

176

142

102

67

44

31

449

403

331

239

204

180

147

79

68

49

1.288

519

298

221

195

157

122

71

51

43

O

[MARBo¢ kavévwy
OUOYXETIONG PE dIdgpopa
eAdxioTa opia



TLSS
TLSL 0

TLSP(NOUN) 0

TLSP(ADJECTIVE) [¢

89
42
3

TLSP(VERB) 0

O
[MARB0¢ Kavévwy
OUOXETIONG PE OIAQOPES
TEXVIKEC TTPOETTECEPYATIAC
ota D1-D3

14
4

71 96

44
11

17

15

10

TLSL

TLSP(NOUN)

TLSP(ADJECTIVE)

TLSP(VERB)

iy

[MAB0o¢ Kavovwy
OUOXETIONG PE DIAQOPES
TEXVIKEG TTPOETTECEPYATIAG
ota D4-D6

“
105 122 114

44 68 51

3 3 6

12 2 3



I O N N

STATE - HAPPY 59%/75%

VOICE > SHAME 37%/42%

WAR > FEAR 36%/43%
TIME = SAD 32%/47%
FACE > SAD 29%/43%

STATE > HAPPY S59%/75%

ACCURATE >ANGER 30%/37%
TELL >FEAR 28%/34%

69%/82% 55%/71%

40%/45% 35%/40%

39%/44% 33%/40%
34%I/48% 30%/30%

45%/51% 28%/33%

TLSP (NOUN
/ADJ/VERB)
69%/82%  5904/319%

31%/37%  22%/26%
25%/31%  22%/27%

O

Kavoveg €€6puing
yia 170 apxeio D1



I O O

STAR > HAPPY 54%/56% 49%/50% 50%/52%
WISH->WORRY 39%/47% 41%/48% 31%/39%
GREAT - WORRY 29%/39% 37%/39% 29%/37%
SUN - SAD 33%/37% 37%/40% 29%/36%
- FRIEND - LOVE 26%/32% 34%/37% 26%/29%
O
Kavoveg e€6puéng

yla 10 apxeio D2

TLSP (NOUN

/IADJ/VERB)

STAR > HAPPY 54%I56%  4996/50%  21%/26%
ALTERNATIVE->SAD 31%/38%  28%/32%  30%/37%
CARE > LOVE 27%/30%  24%/29%  19%/22%




- LITTLE-> LOVE 63%/67%
- LAST - ANGER 54%/59%
HANDSOME-> JOY 50%/55%
FAMILIAR-> SUPRISE  48%/51%

45%/50%

NEXT = FEAR

62%/65%
54%/58%
47%/50%
47%/51%
44%/46%

SPEED- FEAR 49%/52% 50%/53%
TEAM > SUPRISE  48%/50% 48%/51%
POSTER > HAPPY  43%/46% 48%1/50%
TV > SAD 39%/40% 41%/45%
GOLD >JOY 35%/37% 36%/39%

- Kavoveg €¢6puing

D yla 10 apxeio D3

41%/43%
37%I142%
37%/40%
35%/39%
32%1/36%

37%/40%
34%/38%
30%.35%
28%/30%
22%124%

TLSS TLSP
(ADJECTIVE)

64%/69%
58%/61%
51%/57%
48%/52%
46%/50%

I A O

50%/53%
48%/50%
48%/49%
38%/42%
36%/38%



] Kavoveg €6puéng
& yla To apxeio D4

TLSP (NOUN

IADJ)

BAG->POSITIVE 82%/83% 83%6/83% 66%/68%
TREE->NEGATIVE 81%/83% 849%/85% 61%/64%
CIVIL>POSITIVE 75%/77% 75%/78% 59%/63%

I O O I

THINK >POSITIVE 93%/97% 95%/98% 79%/81% 97%/99%
HAVE -> NEGATIVE 88%1/92% 89%/95% 76%.79% 92%/96%
CAN > NEGATIVE 85%/90% 86%/90% 71%/74% 89%/91%
GO - POSITIVE 85%89% 88%/91% 67%I73% 86%/90%

GET > NEGATIVE 86%/87%  86%/86% 66%/70% 86%/89%



I S I

CENTER =>POSITIVE 90%/93% 93%/94% 87%/90%
TIME-> POSITIVE 89%/92% 90%/92% 89%/90%

LINE > NEGATIVE 90%/91% 93%/96% 88%/85%
SALE >NEGATIVE 87%/91% 88%/90% 86%/90%
TICKET > NEGATIVE 81%/87% 85%/89% 86%/88%
- Kavoveg €¢opuéng
= yIa T0 apyeio D5

TLSP (NOUN
IADJ/VERB)
CENTER >POSITIVE 90%/93% 939%/94% 23%/77%

CURIOUS ->POSITIVE 80%/83% 82%1/86% 69%/74%
BAKE > NEGATIVE 78%1/80% 80%/81% 66%/68%




I N R I IR R

WATCH >POSITIVE
ORANGE -> POSITIVE
SERIES> NEGATIVE
BOOK->POSITIVE
FOOD-> NEGATIVE

95%/98%
92%/94%
89%/92%
85%/88%
81%/83%

96%/98%
92%/95%
93%/95%
84%1/89%
83%/87%

78%1/83%
77%180%
72%I79%
65%/68%
62%/63%

98%/99%
94%/95%
89%/90%
85%/90%
85%/88%

- Kavoveg €€6puéng
D yla 10 apxeio D6

TLSP

(ADJ/VERB)

- EASY->POSITIVE

83%/88%

80%/84%
76%I/78%

84%1/88%
83%/85%
81%/83%

70%/72%
67%I/70%
87%1/88%



Y1trooTtnpisn/epIrioToo Y1rootnpign/eurioctoo

uvn uvn

STATE - HAPPY 6996/82% " WATCH >POSITIVE BT
LITTLES LOVE 6296/62% = THINK >POSITIVE 959/98%

LAST = ANGER 54%/58% loxupOTEPOI KAVOVEG LINE > NEGATIVE 93%/96%
£60pUENG ME SERIES-> NEGATIVE
S 0 0 0 0
SPEED=> FEAR 50%/53% apaipean stopwords 93%/95%

STAR S HAPPY 49%/50% CENTER >POSITIVE ULV




2YMINEPAZMATA

Ta ouvoAa dedouévwy D1, D2 kai D3 trapouoiddouv
KAVOVEC JE TTOOOOTA UTTooTHPIENS 35%-45%, evw Ta
D4, D5 kai D6 trepitrou 010 85%.

210 D1-D3 1a €mBuunTa Opia UTTOOTAPICNG KAl
epmmoToouvng gival 30%/37% kai ota D4-D6 oT0
85% kai oTta dUo

ATTO00TIKOTEPN TEXVIKNA TTPOETTECEPYATiac TLS

To D2 Aéyw Tou peydAou TTARBoOUC tweets, TTEPIEXEI
TOUG AIlyOTEPQ I0XUPOUG KAVOVEG Kal T AlyOTEPQ
OUXVA OTOIXEIOOUVOAQ

Me koivr) Bepatoloyia tweets n pEBodOG
TTpoeTTeCEpyaaiag TLSP BeATIwvEl TRV UTTOOTAPIEN
TWV KAVOVWV

H TLSS BeATiwvel | agrivel otabepd Ta
QATTOTEAEOUATA OTA OUVOAQ DEQOPEVWV XWPIG KOIVA
Bepartoloyia

101001101001000010101
0011110111011011011010
101000011100101011001
010100111010100010101
0001011010110110110100
010101110001010100010
1000101110101100010011
010011010010000101010
0111101110110110110101
010000111001010110010
101001110101000101010
0010110101101101101001




MEAAONTIKEZ ENEKTAZEIX

YAOTOIHZH ME AIA®OPETIKOYZ AATOPIOMOYZ
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EPEYNATTIA ZYNAIZOHMATIKH MNMOAIKOTHTA MNMEAATQN-ETAIPIEZ

°
AIAOOPETIKEZ MHMEZ AEAOMENQN
°
, . ANTIMETQMIZH AIAAIKTYAKQOY EK®OBIZMOY
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