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XML files Relational Spam
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Feature No. |

Feature Name

| Description

fl account_age The age (days) of an account since its creation until the time of sending the most recent tweet
2 no_follower The number of followers of this twitter user

fi no_following The number of followings/friends of this twitter user
4 no_userfavourites | The number of favourites this twitter user received
f5 no_lists The number of lists this twitter user added

f6 no_tweets The number of tweets this twitter user sent

7 no_retweets The number of retweets this tweet

] no_hashtag The number of hashtags included in this tweet

9 no_usermention The number of user mentions included in this tweet
f10 no_urls The number of URLs included in this tweet

il no_char The number of characters in this tweet

f12 no_digits The number of digits in this tweet

24 Meta information
25 Representations
26 |_inguistics

27 Vision

28 News source

29 News title

30 News body
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Index Category Feature Comments
1 Tweet based Source Tweeting tools
2 Tweet based Type There are 4 types of tweets: Regular, Replies, Mentions and Retweets.
3 Tweet based Retweet_count The mumber of times the tweet is retweeted.
4 Tweet based Favorite_count The number of times the tweet 1s favorited
5 Tweet based Hashtags count The number of hashtags appearing in the tweet.
6 Twreet based Usls_count The number of urls appearing in the twest.
7 Tweet based Mentiens _count The number of mentions appearing in the tweet.
g Tweet based Media count The number of media appearing in the tweet.
9 Tweet based Symbols_count The number of symbols (also called cashtag) appeanng in the tweet.
10 Tweet based Possibly_sensitive If the tweet is regarded as possibly sensitive by Twitter
11 Profile based Location If the location field of profile 1s mull.
12 Profile basad URL If the URL field of profile 1s mull.
13 Profile based Description If the description field of profile 15 mall.
14 Profile based Verified If the user is verified by Twitter.
15 Profile based Ff ratio Followers count / Friends count
16 Profile basad Followers count The number of followers of the user.
17 Profile based Friends_count The number of friends of the user.
18 Profile based Statuses count The number of statuses the user post.
19 Profile based Favourites_count The number of tweets the user favorite.
20 Profile basad Listed count The mumber of lists the user create.
21 Profile based Account_age The lifespan of the account in terms of days.
22 Profile based Default profile If the user 1s using a default profile.
23 Profile based | Default_profile image If the user is using a default avatar.
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31 Benchmark datasets
32 sampling

33 Browser plugin

34 Event
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Features | News Content Social Context
Dataset Linguistic Visual User Post Network
BuzzFeedNews | v
LIAR | v
BS Detector | v
CREDBANK | v v v v
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36 Supervised

37 Label

38 Expert people

39 Unsupervised

40 Clustering

41 Semi supervised
42 Data abstractions
43 Frameworks
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DL S .
Networks Descriptive Key Points Papers
RvNN Uses a tree-like structure Goller et al. 1996 [47],
Preferred for NLP Socher et al. 2011 [146]
RNN Good for sequential information Cho et al. 2014 [20],
Preferred for NLP & speech processing Li et al. 2015 [93]
Originally for image recognition LeCunn et al. 1995 [39],
CNN Extended for NLF, speech processing, Krizhe;is:l}'z;llzl.[?g]lz [Bel.
and computer vision Abdel-Hamid et al. 2014 [2]
DEN Unsupervised learning Hinton 2009 [61],
Directed connections Hinton et al. 2012 [60]
Unsupervised learning )
| . . . Salakhutdinov et al. 2009 [135],
DBM Ccmpu:us._lte madel of RBMs Undirected Salakhutdinov et al. 2012 [136]
connections
GAN Unsupervised learning Goodfellow et al. 2014 [49],
) Game-theoretical framework Radford et al. 2015 [130]
VAE UnsuEerwsed learning Probabilistic Kingma et al. 2013 [81]
graphical moedel
[V ¥] o 6,050l Galises slocg> b anslio 0 Jsox
Core Interface CNN & RNN DBN
Framework License Language Support Support Support
Python &
Caffe [72] BSD C++ MATLAB Yes No
DL4j [143] Apache 2.0 Java Java, Scala, & Yes Yes
) P i Python
Torch [25] BSD C & Lua C/C++, Lua, & Yes Yes
Python
Neon [69] Apache 2.0 Python Python Yes Yes
Theano [5] BSD Python Python Yes Yes
C++, Python,
MXNet [17] Apache 2.0 C++ R, Scala, Perl, Yes Yes
Julia, etc.
Python,
TensorFlow Apache 2.0 Cre & C/C++, Java, Yes Yes
[1] Python & Go
Python, C++,
CNTK [173] MIT C++ & BrainScript Yes No
¢ Deep Learning-based Applications A
Social Network Analysis Natural Language Visual Data Processing Spe‘;;h and Audio
3 B ocessing
A ;‘ "q;v,'o /.;\—7% Processing B r‘:g ‘ U .
i ~h S AR 4N A GR 2 :
t 't % % 9009V | W~ e e ‘
: | oo 5%

Computér Vision [ |
MulBischia Diita Analyais| [ B Ol aE e
. Speech Recognition
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Sentiment Classification
Entity Extraction
Translation
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Biomedicine
Information
Retrieval

|
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Paper NLP Tasks Architecture Datasets
Socher et al. 2013 [147] Sentiment Analysis RNTN SST
. Sentiment Analysis,
Kim 2014 [79] General Classification CNN SST
Wehrmann et al. 2017 [164] Sentiment Analysis Conv-Char-S MTD
Bidir RNN
Bahdanau et al. 2014 [9] Translation Encoder- WMT-14-EF
Decoder
Cho et al. 2014 [20] Translation RNN Encoder- WMT-14-EF
Decoder
. WMT-14-EF
Wu et al. 2016 [166] Translation GNMT WMT-14-EG
Socher et al. 2011 [145] Paraphrase Identification | Unfolding RAE MSRP
. Paraphrase Identification, WikiQA
Yin et al. 2015 [172] Question & Answer ABCNN MSRP
Kagebick et al. 2014 [75] Summarization Unfolding RAE OD
Dong et al. 2015 [33] Question & Answer MCCNN WO
Feng et al. 2015 [39] Question & Answer CNN IQA
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44 Traditional Machine Learning Models
45 Naive bayes

46 K-NN

47 Logistic Regression

48 Random forest

49 Decision Tree

50 Support vector machine

51 Neural Network-Based and Deep Learning Models
52 Deep neural networks (DNNs)

53 Convolutional neural network (CNN)
54 Recurrent neural network (RNN)
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Attribute Type

# (id) Numeric

title Text

text Text

label Text (either REAL or FAKE)
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Attribute Type
URLs Text
Headline Text
Body Text
Label Numeric ( either 1 for REAL or 0 for FAKE )
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55 Machine learning repository
36 Train

57 Validation

38 Test

59 Unique Token
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Model Training Accuracy  Validation Accuracy TestAccuracy
CNN 0.9942 0.8942 0.9077
Vanilla RNN 0.9971 0.7601 0.7822
Unidirectional LSTM-RNN 0.9939 0.8903 0.9148
Bi-directional LSTM-RNN 0.9992 0.8974 0.9108
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Model Training Accuracy  Validation Accuracy TestAccuracy
CNN 0.9992 0.9738 0.9833
Vanilla RNN 0.9971 0.9701 0.9638
Unidirectional LSTM-RNN 0.9996 0.9738 0.9863
Bi-directional LSTM-RNN 1 0.9825 0.9875
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-8~ Vanilla RNN Testing
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MODEL PRECISION RECALL F,
Logistic Regression 0.96 0.49 0.65
Feedforward Network 0.89 0.74 0.80
RNN (Vanilla) 0.91 0.56 0.70
GRUs 0.89 0.79 0.84
LSTMs 0.93 0.72 0.81
BiLSTMs 0.88 0.75 0.81
CNN with Max Pooling 0.87 0.44 0.58
CNN with Max Pooling and Attention 0.97 0.03 0.06
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60 Hybrid
61 Ensemble algorithms
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