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[TepLeEXOHEVX

» ELooxywyn
° ZNMXVTLKOTNTX OEpXTOC
> Sentiment Analysis
> Cross-lingual Sentiment Analysis

» MeBodoloyLx
> Pre—processing

> Feature Extraction
> Cross—Validation

» ATTOTEAEOUXTX




SNUHXVTLKOTNTX OEpxTOoC

» ELpELX XpON TWV UTTNPECLWYV TOU
OLXOLKTUOUL TTXYKOOMLWC

» Web 2.0: XAANNAETTLOpXXOTN KXL OLXMOLPXOMOC
TTIANpodopLWYV

» TTOLKIAX BEPXTX OXOALXTMOU

» TTOALYAWOOLKOC XXPXKTNPXC

» TEPXOTLOC OYKOC TTANPOPOpLIC

» ADOMNTN YVWON

» AVXYKN YLX XVXALOT TNG TTANpodopLxC




Sentiment Analysis

» AVXAUOTN CLUVRLOONUXTOC CWHXTOC KELMEVOU
» TEXVLKEC ETTEEEPYNROLAC PLOLKNC YAWTOXC
» AVXOLKO TTPOBANUX TXELVOMNONCG (ocuvnOwC)
» Lexicon-based Trpooeyylon

> XpNomn A€EELKWV UE ONMXTLOAOYLKO

TIPOTHVXTOALOMO AECEWV

» Machine learning Ttpoo€yyLon

> Supervised learning

- Unsupervised learning (oTtxvioTepx)




[TOALYAWOOLKOTNTX OTO Twitter

Only 34% of All Tweets Are in English

Distribution of languages used in Tweets around the world (September 2013)

english |, -
japanese [
matay | 5% IS
Portuguese [N 6%




Cross-lingual Sentiment Analysis

» ANMLOLPYLX EPYXAELWV: LYNAO KOOTOC O€
XPNMX KXL XpOVO

» AELOTTOLNON EPYXAELWV YLK AYYALKKX
o ALYAWO O AEELKX
o MnNXovikn METXPpXON




>TOXOC EPYNOLXC

» AVXALON CLVXLOONUXTOC EAANVLKWYV
OEOOMEVWYV UE TPELC MEBOOOULC:
> NLTK ylx pnXovikx NETXDPpXOMEVX tweets
> SpaCy ylxX MNXXVIKX METOPPXOPEVX tweets
> SpaCy ywx EAANVLIKX tweets




MeBoooAoyLX




MepLypoxdn Dataset

Greek Elections 2015

53th Thessaloniki International
Film Festival (#tiff)

1215 895 320

Total 1876 974 902




[TPOETOLUXOLX OEOOMEVWIV

» Data cleaning - xdxipeon:
> Xpnotwv (@)
> retweets (RTs)
> guvoeauwV (URLS)
- hashtags (#)
> punctuation
- extra spaces

» Machine Translation: Google Translate API




Data Cleaning

[ 'Ineademokratia Ma tov Olkovopou??? mou Ba tnv mdz1 thnv NA o Zopapdg kal o1 vedkomol 6efioi
oupfovAaropeg Tou ???...Kpipa...."', 'Negative']
[ "ENEMECIS (@NodarasSpiros kaha ngroz zoo IYPIZA wotz va vopipomoifoouv 1,5 sxatoppdpio “AaBpo”

mou Ba ynPidouvves Bgt;&gt;Agt; ', 'Negative']
[ "Bafe1l modApav n KO tou KKE Xohapyou yia to XEQ http://t.co/HooWRpSzFQ #tweko', 'Negative']

[ 'Ma tov Oikovopou mou Ba tTnv mdasi tnv NA o Zaopapdg kal o1 veokomol Gzfiol oupfouvdatopsg tou
Kpipa®, "Megative']
[ "kaha YMfroz =o0 IYPIZA woTz va VORlpomolNgouv Exatoppuplo AoBpo mou Ba Yndilouve grgtgt’,

"Negative']
[ 'Badzs1 movApav n KO tou KKE XoAapyol yia to ZEQ', 'Negative']




Machine translation

[ 'Ma tov Oikovopou mou Ba tTnv mdasi tnv NA o Zaopapdg kal o1 veokomol Gzfiol oupfouvdatopsg tou
Kpipa®, "Megative']

[ "kaha YMfroz =o0 IYPIZA woTz va VORlpomolNgouv Exatoppuplo AoBpo mou Ba Yndilouve grgtgt’,
"Negative']

[ 'Badzs1 movApav n KO tou KKE XoAapyol yia to ZEQ', 'Negative']

But Oikonomou who is going to take the ND Samaras and the young right-wing councilors of Krima
Negative

well you voted SYRIZA to legalize a million junkies who would vote for gtgtgt Negative

Coach of KKE Holargos puts the coach for the SEF Negative




Pre-processing

» TEXVLKEC ETTECEPYXOLNC DEQOMEVWIV:
- Tokenization
- Apxipeon Stop Words
- Lemmatization
- POS tagging




Tokenize

But Oikonomou who is going to take the ND Samaras and the young right-wing councilors of Krima
Negative

well you voted SYRIZA to legalize a million junkies who would vote for gtgtgt Negative

Coach of KKE Holargos puts the coach for the SEF Negative

['But’, 'Oikonomou’, ‘who’, 'is', ’'going’', 'to', "take’, 'the', 'ND', 'Samaras’, 'and’', 'the’,
‘young', 'right-wing', 'councilors', 'of', 'Krima', 'Negative’]

[ 'well’, ‘you', "voted’, 'SYRIZA', "to’', 'legalize’, 'a', 'million’', 'junkies', 'who’, "would’,
'vote', 'for', 'gtgtgt’', "Negative']

[ 'Coach’, "of’, "KKE', 'Holargos', 'puts’, 'the'’, "coach', 'for', "the', 'SEF’', ‘Negative’]




| owercase

['But’, 'Oikonomou’, ‘who’, 'is', ’'going’', 'to', "take’, 'the', 'ND', 'Samaras’, 'and’', 'the’,
‘young', 'right-wing', 'councilors’, 'of', 'Krima', 'Negative’]

[ 'well’, ‘you', "voted’, 'SYRIZA', "to’', 'legalize’, 'a', 'million’', 'junkies', 'who’, 'would’,
‘vote’, 'for', 'gtgtgt', "Negative’]

['Coach®, "of’, "KKE', 'Holarpos', 'puts’, 'the', "coach’, "for’, "the’, 'SEF', "Negative’]

["but’, "oikonomou®, 'who', 'going’, "take', "the', 'samaras', "and’', 'the', "young’',
"councilors’, ‘krima’', ‘Negative’]

[ ‘'well’, 'you', ‘voted', "syriza', 'legalize’, 'million’, 'junkies', 'who', ‘would’, 'wvote’,
"for', 'gtgtgt’', 'Negative']

[ ‘coach’, 'kke', "holarges’, "puts’, "the’, 'coach’, "for’, 'the’, "sef’, "Negative’]




AdoLtpeon Stop Words

["but’, "oikonomou®, 'who', 'going’, "take', "the', 'samaras', "and’', 'the', "young’',
‘councilors’, ‘krima’, "Negative’]

[ ‘'well’, "you®', "voted', "syriza®, "legalize’, 'million’, 'junkies’, 'who', ‘would’', "vote’,
“for', 'gtptpt’, "Negative']

[ ‘coach®, "kke®, "holargos®, "puts’, "the', "coach’, "for', "the’, "sef', "Negative']

[ ‘oikonomou', 'going', 'take', 'samaras', 'young', 'councilors', 'krima’', 'Negative’]

[ ‘'well', "voted', "syriza', "legalize’, 'million’, 'junkies', 'would’, 'vote', "gtgtgt’,
"Negative']

["coach®, "kke', "holargos', 'puts’, "coach’, "sef’, 'Negative’]




Lemmatization

[ ‘oikonomou', 'going', 'take', 'samaras', 'young', 'councilors', 'krima’', 'Negative’]

[ ‘'well', "voted', "syriza', "legalize’, 'million’, 'junkies', 'would’, 'vote', "gtgtgt’,
"Negative']

["coach®, "kke', "holargos', 'puts’, "coach’, "sef’, 'Negative’]

[ 'oikonomou', 'going', 'take', 'samara’, 'young', 'councilors’', 'krima', 'Negative’]
[‘'well®, "voted®, "syriza’, "legalize’, "'million", "junky', 'would’', 'vote', 'gtgtgt’', "Negative’]
[ ‘'coach®, "kke®, "holargos’', 'put’', 'coach’', "sef’, "Negative']




Part-of-speech Tagging

[ ‘oikonomou’, ‘going', 'take', "samara’, 'young', 'councilors', 'krima', 'Negative’]
['well®, "voted', "syriza', "legalize’, 'million’, 'junky', 'would’, 'vote', "gtgtgt’, "Negative']
['coach®, 'kke', "holargos', "put', "coach’, 'sef', 'Negative']

[ "oikonomou MN', 'going VBG', 'take VB', 'samara NN', 'young 33", 'councilors NNS', ‘krima VBD',
'Negative']

[‘'well RB', 'voted J13', 'syriza NN', 'legalize VB', 'million (D', '"junky NN', ‘would MD',

'vote VB', 'gtgtgt NN', 'Negative']

["coach NN', 'kke NN', 'holargos NN', 'put VBD', 'coach NN', "sef NN', "Negative']




Feature Extraction: CV, TF-IDF

L = v s B [ T T N WY % T S

P
T

14

@
@.800000
@.aaaaa
@ . 00000
8. oeobe
@ . BoobBoe
8. 800800
B8.333333
@, Baabaa
8. 800000
. aepaaa
6. 806000
. eepaea
@ .80e000
6. 800000
6. 200000

@.aoeba
@.eaee0e
@.aoe0a
8. baoeba
8. baobba
8. 800800
a. 800800
8. baebba
6. a0e0a
8. aepaaa
6. ba0e0a
. aepaea
@.aoea
. eaee0a
@.eaoena

2
& . aaeaaa
@ .aaeeaa
8. 880000
&, Baebaa
&, Baebaa
8. eaaaaa
8. 8288068
B, Bagoaa
8. 880000
. eaaaea
@ .aaeoaa
B.424855
@, aaeaaa
8. 888008
@ . aaeaaa

128
@.00000
@.800000
@.00080
@.oe0Be
8. 00000e
8. 8008008
8. 800800
@.313654
@ .800080
8. aepaoa
8 .806000
. eaBaoa
@.800000
6. 800000
@.0e000

129
6. aoe0oe
@.a0e00e
@ . beoooe
@.baobbo
8. baobbo
@.8e0e00
8. 8e080e
8. baobbo
. aaene
. aepaoa
@.a0e00
. aepaen
6. aoebe
. eaae0e
@.349967

138
@, aaeaaa
@ . aaeaaa
@, aaooaa
8. 6apbBa
&, aaebaa
8. eaaaaa
8. 888868
8. Babbaa
8. 800060
. eaaaaa
8. 880000
. eaaaea
@.aaeaaa
8.377964
a.aaeaaa



5-fold Cross-Validation

Split 1
Split 2
Split 3

Split 4

Split 5

All Data

Training data

Test data

> Finding Parameters

Foldl || Fold2 | Fold3 | Fold4 | Fold5 \
"Fold1 || Fodz [ Foda | Fold4 || Fous
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Foldl | Fold2 | Fold3 | Fold4 @ Fold5 _J

Final evaluation {‘

Test data



ATTOTEAECUXTX




Mean Accuracy

Remove

Stop
Words
No Stop
Words

removal

MNB

RF

MNB

0.8145

0.8316

0.8108

0.8396

0.8225

0.8358

0.8102

0.8401

0.8108

0.8252

0.8124

0.8348

0.8012

0.8294

0.8204

0.8342

0.8150

0.8326

0.7937

0.8444

0.8070

0.8390

0.7921

0.8443



RF vs. MNB | 5-fold Acc | Tf-Idf

RF vs. MNB
(TF-IDF)
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RF vs. MNB | 5-fold Acc | CV

RF vs. MNB
(CV)
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POS tags - NLTK (mt)
Top 100 features

Count Vectorizer

S
95553



POS tags - spaCy (mt)
Top 100 features

Cxhes

ALY

1l
93822

Tf-1df Count Vectorizer




POS tags - spaCy (gr)
Top 100 features
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Tf-1df Count Vectorizer

P



Mean Accuracy - Feature Pruning
(No SWs Removal)

1656 0.7916 0.7974 0.8028 0.8220 0.7953 0.7878
MNB 0.8129 0.8182 0.8108 0.8188 0.8177 0.8177

5000 RF 0.7980  0.8044 0.8156 0.8134 0.7948 0.7932
MNB 0.8406  0.8449 0.8347 0.8358 0.8390 0.8353

3000 RF 0.8049  0.8033 0.8060 0.8113 0.7894 0.7942
MNB 0.8390  0.8465 0.8353 0.8337 0.8406 0.8422

2000 RF 0.8113 0.8028 0.8054 0.8188 0.7900 0.7910
MNB 0.8380  0.8406 0.8348 0.8342 0.8438 0.8443

All- RF 0.8108 0.8102 0.8124 0.8204 0.7937 0.7921
features MNB 0.8396 0.8401 0.8348 0.8342 0.8444 0.8443




RF vs. MNB | Tf-Idf

RF vs. MNB
(TF-IDF)
0.84 / —— =
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Features




RF vs. MNB | CV

RF vs. MNB
(CV)
0.4 - T— o
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SpaCy {gr)
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SUUTTEPXOMATX

»  H otvxAvomn cuvLloONUOTOC YIX EAANNVLIKX ETTLXELPNONKE ME TPELS TPOTTOUC:
o ALXYAWOOLKN VXALCOT ME MNXXVLIKX METHDPXOTUEVX DEDOUEVX:
NLTK
SpaCy
> AVXALON XTTEVOELXC UE EAANVLKX DEDOUEVX:
SpaCy
»  APXLKX TTELPXUXTX:
> 1.SpaCy (gr)
o 2. NLTK (mt)
> 3. SpaCy (mt)
»  TIELPXUXTX WE pruning:
o 1. NLTK (mt)
o 2. SpaCy (mt)
> 3. SpaCy (gn)
»  Tevika: SpaCy (gr) ACC =~ NLTK (mt) ACC ~ SpaCy (mt) ACC
»  MEANNOVTLKEC ETTEKTROELC:

© KXT®& TTO00 TO MOVTEAO MXXG MTTOPEL VX ETTITUXEL KXAK XTTOTEAEOUXTX O€ tweets
OLXPOPETLKOV TTEPLEXOMEVOU

- Aglotroinon Twv Part-Of-Speech tags ylx eExywyrn XXpaxKTNPLOTIKWY ME BXON TX HEPN
TOU AOYOU MEMOVWHEVX | CUVOUXOTLKX




TEANOC TNC TTXPOLOLXOTNC

EuxoxploTw Yyl TNV TTpocoxn oxc!

P



