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Introduction

= Semantic Analysis
->extract meaning from text
—>build structures that approximate concepts from a large set of documents

—>e.g. Topic Modelling, Event Analysis, Sentiment Analysis
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Aspect Based Sentiment Analysis in Customer Reviews
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Outline

» Examining Xenophobia in Greece during the
economic Crisis:
A computational perspective

= Annotation exercise
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Xenophobia

"attitudes, prejudices and “hostility of the outsiders”
behavior that
reject, exclude and often vilify an activity, a
(violent) practice”
persons, (Bronwyn, 2002)
based on the perception
that they are outsiders or Intense dislike of the

other (superiority)

foreigners to the community,
society or national identity.” ear of the other
(UNESCO definition) (vulnerability)
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Xenophobia in Greece

= Xenophobia as a violent practice against predefined Target
Groups (TGSs) of Interest

= Violent Practice:

-physical attacks (event analysis)
-verbal attacks (sentiment analysis)

= TGs: Albanians, Pakistani, Romanians, Syrians,

Islam/Muslims, Roma, Germans, Jews, Immigrants and
Refugees.

=
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Examining Xenophobia in Greece during the
economic crisis: A computational perspective
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Data Collection: News Articles

» [ Newspapers

» = 3.600.000 articles

Avgi Kathimerini Eleftherotypia Rizospastis TaNea [ In.gr Naftemporiki
—  792.715 — 282.621 — 429.364 = 725.108 = 330.190 - 428.880 — 649.259
2002-2006, | | 2002-2006, || 1995- | ) || 1999- || 2000-

-| 1996-2015 7| 2009-2012 2008-2014 07/2016 LS E200¢ 21/09/2016 21/09/2016
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» Time period: 1995-2016
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Data Collection: Twitter

» =~ 500.000.000 Tweets » Time period 2013-2016
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Pakistani Albanians Romanians Islam/Muslims Germans Immigrants Refugees
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Methodology
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Data Exploration: News

Discover  Visualze  Dashboard  Se@ings  Process (® January 1511996, 00:00:00.000 to March 10% 2016, 16:51:42.6
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path :
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Data Exploration: Tweets

ry

text: Mougousdvor Q Bk B

xeno-data-twitter-1 ¢ Mougoudpdvor VA'D 46,569 hits

Selected Fields January 31562011, 20:23:28 686 - January 31t 2016, 20:23:28 686 — by month
4.000
Avallable Fields a 3,000
£
3 45
2 2000
Popular :
| | “l Il
fext 0 I u I
2012-01-01 2013-01-01 2014-01-01 2015-01-01
@fimestamp created_at per month
@version A
d Time _source
_index
b Decenber 16th 2014, 11:33:53.000  text: govarikol ougouNgavoL vs doveTLkol XpLoTiavol. Tooo BupeTo ke TpoBhEdLUD H00 ayivee Ohupmikdc vs Acubetoxo
_score
¢. filter level: medium retweeted: false in_reply to screen name: - possibly sensitive: false lang: el id: 544,7
_ype
92,520,258,236,480 in_reply_to_status_id: created_at: December 16th 2014, 11:53:53.000 favorite_count: (0 place:
contributors

- coordinates: - contributors: - pgeo: - entities.trends: entities.symbols: entities.urls:
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Knowledge Representation:
Codebook — Event Taxonomy

Violent
Assault

Attack Physical Sexual

against
Property ,

Assault

Attacks

— =Y =\

» The word or phrase representing an event type under
examination, which is located within the text.

* Features: Event type.

m ACTOR

* The entity that performs each event instance.
« Features: Summary, TG, Nationality, Age, Sex, Status.

mm TARGET

* The entity to whom the action is addressed.
« Features: Summary, TG, Nationality, Age, Sex, Status.

mu LOCATION

» Where the event took place.
* Features: Category.

mm TIME

» When the event happened.
« Features: Day, Month, Year.

mm CONFIDENCE

« Captures whether in the article there is any indication
that an Actor of an assault may not be the actual
perpetrator.

* Features: Degree.

www.athenarc.gr




Codebook — Event Taxonomy

mm EVENT

 The word or phrase representing an event type under
examination, which is located within the text.

« Features: Event type.

ma ACTOR

« The entity that performs each event instance.
« Features: Summary, TG, Nationality, Age, Sex, Status.

mm TARGET

* The entity to whom the action is addressed.
* Features: Summary, TG, Nationality, Age, Sex, Status.

ma LOCATION

» Where the event took place.
* Features: Category.

— ELYI=

» When the event happened.
* Features: Day, Month, Year.

mml CONFIDENCE

» Captures whether in the article there is any indication that

an Actor of an assault may not be the actual perpetrator.
« Features: Degree.

=

2TIG 28 Maprtiou 2013, OTO KEVTPO
NG =avong, 30xpovoc EAANvacg
MOUCOUAUAVOG TPOAUMOTIOTNKE
ME payaipl atrd JEAN TG X.A.
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Codebook — Event Taxonomy

mm EVENT

 The word or phrase representing an event type under
examination, which is located within the text.

« Features: Event type.

ma ACTOR

« The entity that performs each event instance.
« Features: Summary, TG, Nationality, Age, Sex, Status.

mm TARGET

* The entity to whom the action is addressed.
* Features: Summary, TG, Nationality, Age, Sex, Status.

ma LOCATION

» Where the event took place.
* Features: Category.

— ELYI=

» When the event happened.
* Features: Day, Month, Year.

mml CONFIDENCE

» Captures whether in the article there is any indication that

an Actor of an assault may not be the actual perpetrator.
« Features: Degree.

=

2TIG 28 MaprTiou 2013, 0TO KEVTPO
NG =avonc, 30xpovoc EAANvacg
MOUOOUAUAVOG TPAUPATIOTNKE ME
pHaxaipl atrd péEAN Tng X.A.
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Codebook — Event Taxonomy

mm EVENT

 The word or phrase representing an event type under
examination, which is located within the text.

« Features: Event type.

ma ACTOR

« The entity that performs each event instance.
« Features: Summary, TG, Nationality, Age, Sex, Status.

mm TARGET

* The entity to whom the action is addressed.
* Features: Summary, TG, Nationality, Age, Sex, Status.

ma LOCATION

» Where the event took place.
* Features: Category.

— ELYI=

» When the event happened.
* Features: Day, Month, Year.

mml CONFIDENCE

» Captures whether in the article there is any indication that

an Actor of an assault may not be the actual perpetrator.
« Features: Degree.

=

2.TIG 28 MaprTiou 2013, OTO KEVTPO
NS =avong, 30xpovog EAAnvag
MOUGOUAMAVOG TPAUUATIOTNKE
UE paxaipl atro peEAN Tng X.A.
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Codebook — Event Taxonomy

mm EVENT

 The word or phrase representing an event type under
examination, which is located within the text.

« Features: Event type.

ma ACTOR

« The entity that performs each event instance.
« Features: Summary, TG, Nationality, Age, Sex, Status.

mm TARGET

* The entity to whom the action is addressed.
* Features: Summary, TG, Nationality, Age, Sex, Status.

ma LOCATION

» Where the event took place.
* Features: Category.

— ELYI=

» When the event happened.
* Features: Day, Month, Year.

mml CONFIDENCE

» Captures whether in the article there is any indication that

an Actor of an assault may not be the actual perpetrator.
« Features: Degree.

=

2.TIG 28 Mapriou 2013, 0TO KEVTPO

NG =aveng, 30xpovog EAAnvacg

NOUOOUAUAVOG TPAUMPATIOTNKE ME
Maxaipl atro peAn tng X.A.
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Codebook — Event Taxonomy

mm EVENT

 The word or phrase representing an event type under
examination, which is located within the text.

« Features: Event type.

ma ACTOR

« The entity that performs each event instance.
« Features: Summary, TG, Nationality, Age, Sex, Status.

mm TARGET

* The entity to whom the action is addressed.
* Features: Summary, TG, Nationality, Age, Sex, Status.

ma LOCATION

» Where the event took place.
* Features: Category.

— ELYI=

» When the event happened.
* Features: Day, Month, Year.

mml CONFIDENCE

» Captures whether in the article there is any indication that

an Actor of an assault may not be the actual perpetrator.
« Features: Degree.

=

2TI¢ 28 MapTiou 2013, oT0
KEVTPO TN¢ =Avonc, 30xpovocg
EAANVAC HOUGOUAPAVOG
TPQUMOTIOTNKE PE paxaipl atro
MEAN TG X.A.
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Knowledge Representation:
Verbal Aggressiveness Framework

VAM1A: Evaluation of
—  specific attributes (e.g.
origin, race, religion, etc.)

VAM1B: Obscene or Dirty
— Focus on target language (e.g. swearing,
slang, etc.)

VAMI1C: Other (e.g. humor,
irony)

VAMs types p—

VAM2A: Intention/Call for

ouster/deportation

VAM2B: Intention/Call for
physical violence/harm

L Focus on aggressor —

VAM2C: Call for aggressive
assimilation

VAM2_other: implicit call for
action/unspecified

www.athenarc.gr
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Verbal Aggressiveness Framework

VAM1A: Evaluation of
specific attributes (e.g.
origin, race, religion, etc.)

Focus on target

VAM1B: Obscene or Dirty
language (e.g. swearing,
slang, etc.)

VAMs types

VAMI1C: Other (e.g. humor,
irony)

VAM2A: Intention/Call for
ouster/deportation

Focus on aggressor

VAM2B: Intention/Call for
physical violence/harm

VAM2C: Call for aggressive
assimilation

VAM2_other: implicit call for
action/unspecified

\_

(" “kai kéri TTOU ééxaoa va mpoobéow eivai Ot n

Bpnokeia (MouoouAudvor) dev
xapaktnpileral ard Kaivorouieg...”

[’Islam is not characterized by innovation’]

www.athenarc.gr



Verbal Aggressiveness Framework

VAM1A: Evaluation of
specific attributes (e.g.
origin, race, religion, etc.)

Focus on target

VAM1B: Obscene or E)irty
language (e.g. swearing,
slang, etc.)

“ Mauw Toug aABavoug pe ike....”

[“Fucking Albanians...”’]

VAMs types

VAMI1C: Other (e.g. humor,
irony)

VAM2A: Intention/Call for
ouster/deportation

Focus on aggressor

VAM2B: Intention/Call for
physical violence/harm

VAM2C: Call for aggressive
assimilation

VAM2_other: implicit call for
action/unspecified
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Verbal Aggressiveness Framework

VAM1A: Evaluation of
specific attributes (e.g.
origin, race, religion, etc.)

Focus on target

VAM1B: Obscene or Dirty
language (e.g. swearing,
slang, etc.)

VAMs types

VAMI1C: Other (e.g. humor,
irony)

VAM2A: Intention/Call for
ouster/deportation

“EuTUuXWC TTOU N QUOT KPATAE ICOPPOTTICl Katl -\
okotwvovral ol EBpaiol ue Toug @avarikoug
HouoouAuavoucg !!”

[“‘Jews and Muslims are killing each
other...fortunately nature keeps a
balance!!!”] /)

Focus on aggressor

VAM2B: Intention/Call for
physical violence/harm

VAM2C: Call for aggressive
assimilation

VAM2_other: implicit call for
action/unspecified

www.athenarc.gr



Verbal Aggressiveness Framework

VAM1A: Evaluation of
specific attributes (e.g.
origin, race, religion, etc.)

Focus on target

VAM1B: Obscene or Dirty

language (e.g. swearing,
slang, etc.)

VAMs types

VAMI1C: Other (e.g. humor,
irony)

VAM2A: Intention/Call for
ouster/deportation

Focus on aggressor

VAM2B: Intention/Call for
physical violence/harm

VAM2C: Call for aggressive
assimilation

VAM2_other: implicit call for
action/unspecified

\_

(" “‘Auean amréAaarn... Apou dev oéBovrav Thv

xwpa... RT @skaigr E€Eyepon ueravaotwv
o710 KEVTPO TNG Auuydarédag...”

[“Immediately deport the immigrants...they
do not respect our country”]
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Verbal Aggressiveness Framework

VAM1A: Evaluation of
specific attributes (e.g.
origin, race, religion, etc.)

Focus on target

VAM1B: Obscene or Dirty
language (e.g. swearing,
slang, etc.)

VAMs types

VAMI1C: Other (e.g. humor,
irony)

VAM2A: Intention/Call for
ouster/deportation

Focus on aggressor

VAM2B: Intention/Call for
physical violence/harm

“@PIKTOS Bavarog oTo [1akioTaviko KTnvog”

[“Murder that Pakistani beast”]

VAM2C: Call for aggressive
assimilation

VAM2_other: implicit call for
action/unspecified
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Verbal Aggressiveness Framework

VAM1A: Evaluation of
specific attributes (e.g.
origin, race, religion, etc.)

Focus on target

VAM1B: Obscene or Dirty
language (e.g. swearing,
slang, etc.)

VAMs types

VAMI1C: Other (e.g. humor,
irony)

VAM2A: Intention/Call for
ouster/deportation

Focus on aggressor

VAM2B: Intention/Call for
physical violence/harm

-

VAM2C: Call for aggressive
assimilation

VAM2_other: implicit call for
action/unspecified

“Na ekxpiariaviarouv ol MouoouAudvolr
ueravaoreg av BéAouv adeia epyaaiag atnv
EAAGOa.”

[“Muslims should be baptized if they
want to find a job in Greece*]

~

J
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Verbal Aggressiveness Framework

VAM1A: Evaluation of
specific attributes (e.g.
origin, race, religion, etc.)

Focus on target

VAM1B: Obscene or Dirty

language (e.g. swearing,
slang, etc.)

VAMs types

VAMI1C: Other (e.g. humor,
irony)

VAM2A: Intention/Call for
ouster/deportation

Focus on aggressor

VAM2B: Intention/Call for
physical violence/harm

VAM2C: Call for aggressive
assimilation

7

VAM2_other: implicit call for
action/unspecified

“Oa guveyioouue va kGvouue Touc xaloug
UTTPOOTA OTOV ICAQUIKO KivOuvo;”

[“We will keep pretending that there is no
Islamic danger?”]

www.athenarc.gr
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Data Analysis Architecture

Input:
raw data (news

articles/Tweets

> _. Wisualization
I Tokenization I - e _
7 . = Storage e
] Output: event i o statistical
Sentence Segmentation & VA tuples . Analysis

7

Part-of-Speech Tagging

0

I Patterns

Lemmatization

Linguistic

Chunking

Semantic
7 | Analysis

Named Entity Recognition

7

Dependency parsing

Preprocessing
ILSP suite of Greek NLP tools

VA

An aIyS|S LEXicaI
Resources

Output: structured data
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Verbal Aggressiveness Analysis

» QpikTo¢ Bavaroc arov lNakioravo tng lNapou!

e <TG_ID: 1, TG_eviDENCE: [lakioTavo, Vam_TyPe: VAMZ2B, VA _EVIDENCE:
Oavaroc>

Other metadata:
v Tweet_Id

v User_Id

v Tweet Text
v' Timestamp
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Event Analysis

« 211¢ 28 Maprtiou 2013, o1o KEVTPO TNG =AvONncg, 30xpovog EAANvag
MOUOOUAUAVOC TPAUNATIOTNKE YE paxaipl atro yeAn tng X.A.

e <TimE: 2TIC 28 Mapriou 2013, LOCATION: OTO KEVTPO THSC =AvOncg, TARGET:
30xpovo¢ EAAnvag youooUAu@vog EVENT: TOQUUATIOTNKE UE Jaxaipl ACTOR:
arro uéAn tng X.A.>

v' Target_Age: 30

v Target TG: 5 Other met.adata: |
v’ Target_Nationality: Greek Event_lId, I\'f"etldlum’ Article
itle

v' Event Type: Assault against Life
v' Actor_TG: Control Group
v' Actor_Summary: Racist, extreme right organizations/groups
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Semantic Analysis Output: Knowledge Databases

H ©- H VA_output_FINAL_merged.xlsx - Bxcel ? H - O %X
HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW Maria Pontiki =
o ¥ Cut - B e w == .= |:.'-—‘ Do = 3 AutoSum + A
i BB Copy - Calibri 1 A A = % Wrap Text General | : . L:‘.: %j & g;ll: Flilt il S‘Z;Y& F[idi]&
Clipboard ] Font I Alignment I Mumber ] Styles Cells Editing ~
J1154 - f\ Tapw Toug ahBavolc pe dile.... v
E C D E F G H I J -
1 |TG_evidence |~ Target id| v VAM_type -T VA evidence v |Year |~v Month v Day |~ user_id - text
42 |AMBavag TG2 VAMI1B VTang 2013 Oct 08 181544322 BuMiknoavB» ta suprpata oto onit twv AABavuv vianSwv http://t.co/ WMWNvyharh
47 |AABavag TG2 VAMI1BE vTang 2013 Aug 25 32207236 AMNBANOZ NTAHE EMITEQHKE KAl TPAYMATIZE 54XPONH EAAHNIAA! http://t.co/g8rXKRIdvX
56 | AMBava TG2 VAMI1B ANBava 2013 Aug 28 954419090 RT @platitudinous: Efw o kwhotAnveg an'n Meppavial @Timosnik:"Oool £xouv alhoSana drope onitia ©
57 | AABava TG2 VAM1B AlBava 2013 Aug 28 476022997 RT @platitudinous: EEw ol kwAozAhnveg an'tn MNeppavia! @Timosnik:"Oool £gouv aAoSamna dropo oninog T
59 | AABava TG2 VAMI1B ANBova 2013 Aug 28 331590396 RT @platitudinous: Efw ot kwhotAnveg an'tn Feppavia! @Timosnik:"0ool £xouv alhoSana drope onitia ©
60 | AABava TG2 VAM1B AlBava 2013 Aug 28 1022706734  RT @Crt_MIts: mooo poiakag swom? @Timosnik Avgtuywe ool £xouv aAhodamnd dTopa onitia TOUS Qutr T
62 |Ahfava TG2 VAMI1B AABovo 2013 Oct 29 773734368 Bsg va avolfpuv Ta cuvopa yio Ta AABava "shinvonada” BeoSwpakn n YEVIKWG YL 0ADUE; ELO0L ECU JLKL..
64 | ABava TG2 VAM1B AlBava 2013 Aug 28 902577704 RT @Crt_Mlts: mooo podakag siool? @Timosnik Avotuywe 0ooL £xouv oAb amd ATopun oTiTLe TOUS QUTh TN
71 |AABavag TG2 VAMI1B wo 2014 May 07 17895667 Xtomnos kot Place nhkuwpevn... AABove wo duokd (APXEIO ZOOAON ETKAHMATON) http://t.co/edTYtwis
83 | AABavog TG2 VAM1B yaoanng 2014 May 23 2433442367  RT @marsilnik: Anloteuta npayparta. Eotnoav pvnpelo ota EEdpysia yua tov AABavo yaoann IAlp Kapghll ©
87 |AhPava TG2 VAMI1B AABovo 2014 Oct 15 2791813033  @usay_gr Ta AAfava Ba kaouv Ta apy.....C
89 | AABavog TG2 VAM1B yaoanng 2014 May 24 237719164 RT @kostasithink: XOPTOMAIOX EIZAlL; @marsilnik @marsilnik Anloteuta npayparta..Eotnoav pvnpeio ota
90 | AhBava TG2 VAMI1B ANBavi 2013 Aug 28 412082316 IOK ! BuXAOHKANB» 502 AABavd Mudtomouvha amnd to kpatko Gpupa Ayla BapBapa. http://t.co/UIEBWD?
92 |AhPava TG2 VAMI1B AdPava 2013 Aug 21 626561729 RT @PORTAPORTA: MNou ool ps Bevigho? Is kavouv mhaka ta AABava? Mou ool pe MoAUToOUNoUK: KabeoT
95 | AhBava TG2 VAMIB ANBova 2013 Aug 28 15071813 RT @platitudinous: Efw o kwhoéAnveg an'tn Feppavia! @Timosnik:"0Oool éyouv alhoSamnd drope onitia T
99 | AMBavia TG2 VAMI1B Youpw '2014 Oct '15 '4?50229‘3? KAAZE MAZ MIA MANTPA @Ancient_King_ FTAMQ THN AABANIA @PETROSTAMATAKOS AABavoc moboadaly
118 AhPavi TG2 VAMI1B AABovo 014 Oct s 637222171 RT @ageladam: Qavrtaocou va onkwvay oL ZEpfol Kapila mapopoLa onpatd sBvikLoTikou Tumou. 10 ypovia of
119|AABavia TG2 VAMI1B Youpw 014 Oct s 327403546  RT @Ancient_King_: TAMO THN AABANIA @PETROSTAMATAKOS AABavoc noSoadatpiotric Tou MAZ o unepe
143 |AABavag TG2 VAMIB eBvikia 014 Oct s "1581397489  Pe Tt £Bvikia toug ANBavouUc... AMa To apLoTepd Touita TIL ap polyka.. O @NikoAgo oyollaos dpays?
147 |AABavag TG2 VAMIB Youpw 014 May "5 1169066552  TON MAIPNEI O AMOAAQN; RT @fournariss: @HaticeSultana @SimonLeone wwwy O£ AmoMuwv, otav ot yo
149 | AABavag TG2 VAMIB YoLpw 014 May s "499573102  @HaticeSultana @SimonLeone wwwy Be€ Anddwv, otav os yapdve ol adBavol tétola tohudoyla os TAvEL
223 AhPavoc TG2 VAMIB dhwpog 014 Nov 2 438469162  RT @thanos1625: OL dAwpol AABavol Afve: syw mote Ba yivw payke; A;
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Visualization: Examples

Targets of Physical Attacks: Naftemporiki 2000-2016
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Who are the main targets of physical and
verbal aggression?

Verbal
Aggressiveness

Violent Events
Analysis
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Who are the main targets of physical and
verbal aggression?

Physical and verbal aggression as indicators of xenophobic attitudes in Greece seem to
be addressed to the same targets.
—>possible correlations between verbal aggressiveness and physical violence?

According to the 2016 ADL Global 100 survey Greece was the most anti-Semitic
country in Europe (69%).

The image of foreigner as it was constructed in Greece during and after the first wave of
migration flow was mainly associated with Albanian nationality (Voulgaris et al., 1995).

PAKISTANIS came to Greece during the 2000s increased migration flow from Asian
countries.

According to the 2016 PEW survey findings a big majority of Greeks holds an
unfavorable view of Muslims (65%).

It is more likely to verbally attack groups of people framed as IMMIGRANTS rather than
REFUGEES due to the different connotations and implications of these two lexicalizations.
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Have the xenophobic attitudes raised
during the economic crisis?

Escalation of violent incidents in general.
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Have the xenophobic attitudes raised
during the economic crisis?

——L

2009 2010 2011 2012 2013 2014 2015

— N\

2000 2001 2002 2003 2004 2005 2006 2007 2008

m Refugees ® Pakistani Albanians Rumanians = Syrians

m Refugees M Pakistani Albanians Rumanians ® Syrians
H Muslims ®Jews mGermans ®Roma m Migrants

B Muslims  ®Jews EGermans ®Roma m Migrants

Mostly Attacked TGs before the economic crisis (Avgi) Mostly Attacked TGs during the economic crisis (Avgi)

» Continuity is observed against Pakistani, Albanians and Jews.
* New targets seem to emerge depending on the contemporary conditions affecting the

country; Germans appear as targeted group, with the attacks against them rising as the
economic crisis deepens.
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Who are the main actors of physical

aggression?
&

= Unknown: indications that point to
features of extreme right groups (e.g.
attributes like “wearing black t-shirts” )
or “unidentified person” or “a group of
people”, without giving any further
details.

= Citizens as actors dont seem to
represent a major proportion.

Racist Far-right groups
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Are there stereotypes and prejudices against
foreigners rooted deeply in the Greek
society?

KatoartAldag

UNEPEBVIKLOHOG Xafoxapouuevog

ouatsstins AABava

UTTEPEOVIKIOTHS. m The dominant stereotypes in the
exdiwEn AABANAPIA (taudg i f h i f
arpseneLa apa avouolog aABavia ConstrUCtlon 0 t e Image O
ST P aevos ALBANIANS are associated with
al QALV QL ssvrsncvras “crime” and “cultural inferiority”.

A viapng oTUYEPOG
O PACUBELAGC RS e
aKkaTtovopaoTog BAGOpNuOg KOUAOG

B TPAUTIOUKIT NGOG m Such crime stereotypes are used
R\ T = A MO £ RS also in the construction of the image

CUHHOPLTNG of ROMANIANS, in addition to the
Word Cloud of unique aggressive terms for “Albanians” sexual deca_dence (Iax rules  of
sexual morality) stereotype for the
Romanian women.
TtaKLotavila
TmakLotTavlt m A continuity of the so-called
TIaKiotTava i mi
avncrinsor AT deron stereotype of the Balkanian criminal.
cpaotTexviopdégaueEAsia apanng
XELPOKPOTNTHGOOALOG onacikAag . . 0
- B PAKISTANI: inferiority, personal
TMaKictavia hygiene, physical appearance, color
ovpagEiana relniouione skin stereotypes.
nakworava
AaBpollakiwoTavog "
NMakloTtavi
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Are there stereotypes and prejudices against
foreigners rooted deeply in the Greek
society?
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Word Cloud of unique aggressive terms for “Muslims/Islam”

=

Evaluative and dysphemistic terms of insult
or abuse to debase core Islamic values,
principles, practices.

Brutal violence, cultural inferiority, sexual
abuse, sexist behavior, fanaticism,
terrorism and irrationalism stereotypes.

Notions of Islamophobia.
Attacks targeted to MUSLIMS/ISLAM are
triggered by geopolitical events such as the

rise of ISIS.

Attacks against SYRIANS target the violent
practices of the Syrian rebels and ISIS.

Attacks against REFUGEES and IMMIGRANTS

are mostly attempts to challenge their
identity.
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Are there stereotypes and prejudices against
foreigners rooted deeply in the Greek
society?

Kataxboviog . z .
_ (PaVTACIOTIANKTOS A perception of a particular enmity towards the Greek
KapaTtounon XAaHEPTING ApLOVETA :
(pPAYKOPOVLAG XANAANg poupgpLavia na“on.
oanouvaklL agplt{Nge{avdparnodLonog
MPOCTUXOG acNUAvTOTNTACKOTAdLo TG
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BavAaTwon kwASpaToa KalpooKoTog = Notions of hate-speech.
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‘Word Cloud of unique aggressive terms for “Germans”
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Further Insights

m Xenophobiain Greece: Vulnerability-driven or Superiority-based?
- Dominance is directed against Albanians and Pakistani.

- Vulnerability in the case of Jews and Germans.

m Xenophobiain Greece: Culturally-rooted or crisis-driven?

- when examined in terms of Aggression towards specific predefined TGs of interest, seems
to be culturally rooted and not crisis-driven.

—> continuity of deeply rooted stereotypes about specific TGs (e.g. Albanians, Romanians,
Jews, Roma).

- emergence of attacks that are associated with blame attribution patterns of the Greek crisis
(e.g. Germans, Jews).
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Limitations

= Validity: Precision-oriented method, a significant amount of attacks has
not been detected and explored.

» Representativeness: A single platform study, cannot capture the wider
social ecology and diffusion of Social Media. No Social Media platform is
representative of the general population.

= Completeness: The results presented do not reflect all (aspects/types of)
xenophobic attacks against all foreigners.
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