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Total Facebook Engagements for

Top 20 Election Stories
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= def crawler_bon(subjects):

@z writer = [] #2£0/

@z=viz title =[] # A=

@ orEan content = [] # =5

© =i date = [] # HA/E

o content_type = [] #7F

“ df = pd.DataFrame(columns=[' &' , 'ZHAAL, 'ZAHAU, "HZE', 'HE'])

W= for i in subjects:

LES a=get_html (i)

[ LR soup = BeautifulSoup(a, 'html.parser')
s @ ) 106m try:

writer= soup.find_all("div", {"class":"texti"})

content = soup.find_all("div", {"class":"ar_txt"})

content_type = soup.find("div",{"class": "titles"}).find_all{"span",{"class" "word"})
title = soup.find_al I ("div",{"class": "titles"})

title = title[0]. text

if (content_type[0]. text=="0l0|=" or content_type[0]. . text=="17=2" or content_type[0]. text=="~Z=" or content_type[0].text=="1¢

title = title[3:len(title)]
else
title = title[2:len(title)]

date = soup.find("div",{"class": "text3"}).find_all{"span", {"class":"val"})
df = df .append(pd.Series([content_type[0].text, writer[0].text, date[0].text,title, content[0].text],
except:
pass
return df

index=df .columns ),

ignore_
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def crawler_daet(subjects):

2019-02-13 15:47 IP: 218,234,113
[HLEM SH0IS 2260 2L, SEHE 2822 X3

2n

-02-13 15:47 IP: 121,149,175
MOFHHTE 2D HZ0 U0 G LES

2019-02-13 15:47 IP: 119,193,+20
SaErA TS A HSHHE USHIL H2IM HEI2H 212 83 82 LHE0| ALE

315:47 IP: 106,244,+19
g E30 oel=H 22

Demonseye 2019-02-13 15:47
CHEIZIARZE R HIZID 2PN E, 9,

HIOHIZ2 & 2019-02-13 15:47 IP: 110,8,+,42
ZE0| HEIZIA2F A O30St 512 2/ E

S, 212X 2120 S2sH8.

reply_content= []
reply_ID = [] #
reply_date = []
reply_IP = [] #
df—pd.DataFrame()

df = pd.DataFrame(columns=['ZZHZ"', 'HZ2ID' , '"SHZAIZH, 'SI2=2F", 'SH2IP'])

for i in subjects:

a=get_htm! (i)

soup = BeautifulSoup(a, 'html.parser')

content_type = soup.find("div",{"class": "titles"}).find_all("span", {"class": "word"})

#2220/

title = soup.find_all("div",{"class": "titles"})

title = title[0]. text

if (content_type[0].text=="0}0|=" or content_type[0].text=="172" or content_type[0].text=="-"~Z=" or content_type[0].text=="19=2"
title = title[3:len(title)]

else :
title = title[2:len(title)]

reply_ID = soup.find_all{"span",{"class": "name"})
reply_content = soup.find_all{"span",{"class": "re_txt"})
reply_date = soup.find("div",{"class": "reply_list"}).find_all{"span", {"class":"date"})

reply_IP = soup.find_all{"span",{"class": "ip"})
loop_num = len(reply_content)
for j in range(loop_num):
df = df .append{pd.Series([title, reply_ID[j].text, reply_date[j].text, reply_content[j].text,reply_IP[j].text], index=df.columns
return df
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Feoture Extraction

‘Moin Content Features ‘ ‘ Social Context Features ‘

Linguistic-based Feature

Linguistic ‘User‘ ‘Posf‘ ‘ Network ‘

Since fake news pieces are intentionally created for financial or political
gain rather than to report objective claims, they often contain
opinionated and inflammatory language, crofted as ‘clickbait’

It is reasonable to exploit linguistic features that capture the different
writing styles and sensational headlines to detect fake.

- Shu, K., Sliva, A, Wang, S., Tang, J., & Liu, H. (2017). Fake news detection on social media: A data mining perspective.
ACM SIGKDD Explorations Newsletter, 19(1), 22-36.
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Feoture Extraction

‘Moin Content Features ‘ ‘ Social Context Features ‘

Linguistic-based Feature

Linguistic ‘User‘ ‘Pos‘t‘ ‘ Network ‘
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Feoture Extraction

S o Y N L P 0 l ga |.01 Main ConfeLf Features | | Socil Confle Features |
Nomarlizing

Linguistic ‘User‘ ‘Posf ‘ ‘ Network ‘

Khaiii(AFt2 HEHA 24111)
At20t0{ Tokenizing

0 1 2 3 4 5 6 7

z= *

2 0062367 0019849 0009015 0014948 -0.039134 0022025 0150986 -0.137575 -0.1521¢

“ [

2 °
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H
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Feoture Extraction

‘Moin Content Features ‘ ‘ Social Context Features ‘

Post-based Feature

Linguistic ‘User‘ ‘Posf ‘ ‘ Network ‘

People express their emotions or opinions towards fake news through
social media posts, such as skeptical opinions, sensational reactions, etc.

Thus, it is reasonable to extract post-based features to help find
potential fake news via reactions from the general public as expressed in
posts.

- Shu, K., Sliva, A, Wang, S., Tang, J., & Liu, H. (2017). Fake news detection on social media: A data mining perspective.
ACM SIGKDD Explorations Newsletter, 19(1), 22-36.
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Feoture Extraction

‘Moin Content Features ‘ ‘ Social Context Features ‘

User-based Feature

Linguistic ‘User‘ ‘Posf ‘ ‘ Network ‘

Foke news pieces are likely to be created and spread by hon-human
accounts, such as social bots or cyborgs.

Thus, capturing users’ profiles and characteristics by user-based
features can provide useful information for fake news detection.

- Shu, K., Sliva, A, Wang, S., Tang, J.. & Liu, H. (2017). Fake news detection on social media: A data mining perspective.
ACM SIGKDD Explorations Newsletter, 19(1), 22-36.
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Feoture Extraction

‘Moin Content Features ‘ ‘ Social Context Features ‘

Network-based Feature

Linguistic ‘User‘ ‘Posf ‘ ‘ Network ‘

Users form different networks on social media in terms of interests.
topics, and relations.

Foke news dissemination processes tend to form an echo chamber cycle,
highlighting the value of extracting network-based features to represent
these types of network patterns for fake news detection,

- Shu, K., Sliva, A, Wang, S., Tang, J., & Liu, H. (2017). Fake news detection on social media: A data mining perspective.
ACM SIGKDD Explorations Newsletter, 19(1), 22-36.
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Feoture Extraction

Festures

‘Moin Content Features ‘ ‘ Social Context Features ‘

Network-based Feature

Linguistic ‘User‘ ‘Pos‘t‘ ‘ Network ‘

Node2Vec

Graph Input data Embeddings
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‘Moin Content Features ‘ ‘ Social Context Features ‘

Network-based Feature

Linguistic ‘User‘ ‘Posf‘ ‘ Network ‘

1. Network Feature
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XGBoost Classification

In [36]:

In [37]:

In [38]:

In [39]:

In [40]:

from xgboost import XGBClassifier

from sklearn.model _selection import train_test_split
from sklearn.metrics import accuracy_score

from sklearn.model _selection import GridSearchCY

%1 = mlbpark_dataset . iloc[0:2507,5: 2]

Y1 = mlbpark_dataset.iloc[0:2507,-1]

%2 = mlbpark_dataset . iloc[2507:5391,5:-2]
Y2 = mlbpark_dataset.iloc[2507:5391,-1]

cv_params = {'learning_rate': [0.1, 0.01], ‘subsample': [0.7,0.8,0.9]}
ind_params = {'n_estimators': 1000, 'seed':0, 'colsample_bytree': 0.8,
‘objective': 'binaryilogistic', 'max_depth': 3, 'min_child_weight': 1, 'tree

optimized_GBM = GridSearchCY(XGBClassifier{++ind_params),
cy_params,
scoring = 'accuracy', cv =5, n_jobs = -1, verbose=10)

4 >

result = optinized_GBM. fitiX1, Y1)

Fitting 5 folds for each of 6 candidates, totalling 30 fits
[CV] learning_rate=0.1, subsample=0.7 ... . . . s
[CV] learning_rate=0.1, subsample=0.7 ... . . i

- X1.Y12} X2,Y2& LIS
Validation SetS AE0IACH
Hyper parameter Z[XZIE 2ol
Grid Search otA&LICH



m|§ In [41]: result.arid_scores_

fopt/conda/ | ib/pythond. B/site-packages/sklearn/nodel _selection/_search.py: 762: Depre
cationllarning: The grid_scores_ attribute was deprecated in version 0,18 in favor of
the more elaborate cy_results_ attribute. The grid_scores_ attribute will not be ava
ilable from 0.20

Deprecat ionllarning)

. 'subsample's 0.7},
. 'subsample': 0.8},
. 'subsample': 0.9},

Out[4110 [mean: 0.91424, std: 0.01034, parans: {'learning_rate': 0.1
mean: 0.91424, std: 0.01087, parans: {'learning_rate': 0.1

mean: 0.91663, std: 0.00948, params: {'learning_rate': 0.1

mean: 0.92461, std: 0.00606, params: {'learning_rate': 0.01, 'subsample': 0.7},

" 0.00, "subsample': 0.8},

0.0,

‘subsanple’: 0.9}]

mean: 0.92621, std 000464, params: {'learning_rate
mean: 0.92541, std: 0.00554, parans: {'learning_rate

Predict

In [48]: test_probs = result.predict_proba(¥2)[:,1]

In [50]: predictions = [round(value) for value in test_probs]

In [53]: from sklearn.metrics import accuracy_score
accuracy = accuracy_scorel¥2,predictions)
accuracy

| 0,973300970873768642

1]
[N

Out [*

- QUNRTE= 92 5%

= Validation2| Accuracy=
97.3%
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Future Work

Botometer FAQ API Publications Bot Repo BEV -

Botometer,

An OSoMe project (bot-o-meter)

Botometer (formerly BotOrNot) checks the activity of a Twitter account and gives it a score based on how likely the account is to be a bot. Higher scores are more bot-like.
Use of this service requires Twitter authentication and permissions. (Why?)
If something's not working or you have questions, please contact us only after reading the FAQ.

Botometer is a joint project of the Network Science Institute (IUNI) and the Center for Complex Networks and Systems Research (CNetS) at Indiana University.

shinminchul Check user Check followers Check friends

> @shinminchul A\ There was an error.
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