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Black Lives M
atter m

ovem
ent w

as born in 2013, but only in the 
last m

onths it has obtained a w
ide spread.

This spread started especially after George Floyd’s death in 
M

ay, 2020. It has involved a lot of sportsm
en, m

ainly NBA 
players, but also the Prem

ier League w
orld, on social m

edia 
and in the gam

e.

W
e are going to study the #BlackLivesM

atter spread on Tw
itter 

from
 the the m

ost follow
ed sportsm

en of these leagues.
Indeed our netw

ork is com
posed by 60 players (30 from

 NBA 
and 30 from

 Prem
ier League).
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30 Prem
ier League All-Stars: selected considering player’s num

ber of follow
ers
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Q
uestions to investigate:

1-W
ho is the player that shares the m

ost num
ber of 

#BlackLivesM
atter?

2-W
ho is the m

ost im
portant players in USA, England and 

Italy?
W

hat w
e w

ant to know
 is the im

pact of these players on 
their follow

ers. So, w
ho of them

 is the one that has the 
largest num

ber of follow
ers w

ho share the sam
e hashtag.



Q
uestions to investigate:

3-W
hen the #BlackLivesM

atter is shared?
In this case, w

e are talking about a sem
antic netw

ork.
W

hat w
e w

ant to know
 is w

hich hashtags are correlated to 
the #BLM

. For exam
ple, does #BLM

 is in tw
eets talking 

about:
-

#justice? #N
oToRacim

?
-

#hum
anrights? #solidarity? #equality?

-
specific events as #GeorgeFloyd or #w

om
enm

arch?
-

other topics as #politics or #ElectionDay2020?
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A
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parison 

U
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D
ivision

C
onspiracy 
Theory

Social  
N

etw
orks



Research O
bject

•
Q

A
non 

is 
a 

far-right 
conspiracy 

theory 
alleging 

that 
a 

cabal 
of 

Satan-w
orshiping 

pedophiles 
is 

running 
a 

glo
bal 

ch
ild 

sex-
trafficking ring and plotting against 
U

S President D
onald Trump, w

ho is 
battling against the cabal.

Q
A

non



W
hy is studying Q

A
non 

important?

•
Thomas’ theorem: “If men define situations as real, they are real in their 
consequences”. 

•
Let’s see an example: pizza gate’s conspiracy.                                                    O

n 
D

ecember 4, 2016, Edgar M
addison W

elch, a 28-year-old man from Salisbury, 
N

orth C
arolina, arrived at C

omet Ping Pong and fired three shots from an 
A

R-15 style rifle that struck the restaurant's w
alls, a desk, and a door.  

W
elch later told police that he had planned to "self-investigate" the 

conspiracy theory.



Let’s 
see 

an 
example: 

pizza 
gate’s 

conspiracy:                                                     

•
O

n 
D

ecem
ber 

4, 
20

16, 
E

dgar 
M

addison W
elch, arrived at C

omet 
Ping Pong and fired three shots 
from an A

R-15 

•
W

elch later told police that he 
had planned to "self-investigate" 
the conspiracy theory.

“If men define situations as real, they are real 
in their consequences”.



•
the discredit of democratic party  

•
the valorization of D

onald Trump’s image, as a defender of the 
victims of this conspiracy.

Q
A

non has accused many liberal H
ollyw

ood actors, democratic 
politicians and high-ranking officials of being members of the C

abal.

So, the circulation online of this conspiracy theory can have 
several effects but w

e w
ill focus on the political ones: 



The Language
#W

W
G

1W
G

A
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e G

o O
ne, W

e G
o A

ll

•
#Q
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#A

nons 

•
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w
g1w
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•
#Thegreataw
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Problem D
efinition

Research Q
uestions

•
H

ow
 much and in w

hich w
ay are the C

onservative Parties 
voters linked to C

onspiracy Theories? 

•
H

ow
 much and in w

hich w
ay are the C

onspiracy Theories 
supporters 

more 
likely 

to 
support 

other 
C

onspiracy 
Theories?



Locate D
ata Sources

•
M

ain Social M
edia (Tw

itter, Facebook, Instagram)

W
here do w

e research data?



Search D
ata Sources

•
N

odes: U
sers/hashtgs 

•
A

uthorities: Politicians/politcians’ hashtags 

•
H

ubs: C
onspiracy Theories’ Promoters/C

TP’s H
ashtags 

•
Links: Social Interactions on M

edia (Shares, Retw
eets, Likes, H

ashtags, 
Tags)/relevant hashtags in the same post



C
ontacts

•
G

iacomo C
avalli: g

ia
c
o
m
o
.c
a
v
a
lli.2

@
s
tu
d
e
n
ti.u

n
ip
d
.it 

•
A

lessandro Locci: a
le
s
s
a
n
d
ro
.lo

c
c
i@

s
tu
d
e
n
ti.u

n
ip
d
.it
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o
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d van d
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aas, 20
17)







“T
h
ere is n

o a p
rio

ri reaso
n to assu

m
e th

at
every attitu

d
e n

etw
o
rk co

n
sists o

f th
e sam

e
n
o
d
es. It is, fo

r exam
p
le, very lik

ely th
at so

m
e

em
o
tio

n
s are o

ften exp
erien

ced to
w
ard so

m
e

attitu
d
e o

b
jects (e.g., an

ger to
w
ard p

resid
en

tial
can

d
id
ates), w

h
ile th

ey are virtu
ally n

ever
exp

erien
ced to

w
ard o

th
er attitu

d
e o

b
jects (e.g.,

an
ger to

w
ard a d

etergen
t b

ran
d
).”

“research
ers sh

o
u
ld strive to m

easu
re all

relevan
t evalu

ative reactio
n
s b

ecau
se

o
th
erw

ise th
e d

an
ger arises th

at o
n
e

m
easu

res n
o
t th

e w
h
o
le attitu

d
e n

etw
o
rk b

u
t

o
n
ly p

arts o
f it.”

“T
o co

n
stru

ct attitu
d
e q

u
estio

n
n
aires

fro
m

 a n
etw

o
rk p

ersp
ective,a th

eo
ry-

d
riven ap

p
ro
ach to q

u
estio

n
n
aire

co
n
stru

ctio
n in

stead o
f an

em
p
irically d

riven ap
p
ro
ach sh

o
u
ld b

e
ad

o
p
ted (see B

o
rsb

o
o
m
,M

ellen
b
ergh

, &
van H

eerd
en

, 20
0
4)”

“O
n
e w

ay to go ab
o
u
t co

n
stru

ctin
g

co
m
p
reh

en
sive attitu

d
e q

u
estio

n
n
aires

m
igh

t b
e to assess, in an o

p
en

-
en

d
ed

q
u
estio

n
n
aire,w

h
ich evalu

ative reactio
n
s

are m
o
st co

m
m
o
n fo

r th
e attitu

d
e o

b
ject o

f
in
terest.”











Hater gonna (make you) hate?

Hate comments on social media:
Semantic/Sentiment/Network Analysis of Textual

Corpus

Salvatore Romano
—————————–
Professors: C. Suitner & T. Erseghe
Social Networks Analysis 2020



THE DATA

"The Hate Barometer" by

During the European Elections in 2019
20k politicians’ posts made by candidates and

80k electors’ comments
from Facebook and Twitter (offical API)

25 Variables Avaible
Politicians: Gender, political party, region

Virality: likes, shares, num. of total comments
Topic: refugees, EU politics, religion....

But NO data about the commenters’ profiles
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THE DATA (qualitative)

2 Qualitative Category

Target of the political campaign
(Negative or Positive campaign)

Level of hate in the posts and in the comments
(insults, hate speech...)

==>1500+ hours of manual categorization!<==

3 of 9



Thesis RESULTS

6% of the political campaing (attacks directed to private
citizens)

generate the 55% of hate speech comments

Research questions:

Which are the contextual features able to generate more hate
speech online?

Which are the linguistic cues (words, sentiment) in politicians’
posts that generate more hate?
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Examples
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Examples
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PROS and CONS

PLUS

we already have the data!
possibility of future
research (conference
proceedings, papers
pubblication..)
inter(trans)disciplinary
attitude

MINUS

we will not retrive new data
(you will not learn how to
use API)
italian text corpus (should
not be a problem!)
pyhton required
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Technology

we will use Python (pandas, NLTK, NetworkX, matplotlib..)
we will use LIWC for sentiment analysis
we will use Gephi for finals visualization
laTeX for the final report and presentation
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THE DECISION

salvatore.romano.3@studenti.unipd.it OR @dataerror on Telegram
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