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ABSTRACT

This paper proposes a technique to determine the spam comments on YouTube, which have recently seen tremendous
growth. On YouTube, the spammers appeared to promote their channels or videos in popular videos or leave comments
unrelated to the video, as it is possible to monetize through advertising. YouTube is running and operating its own spam
blocking system, but still has failed to block them properly and efficiently. Therefore, we examined related studies on
YouTube spam comment screening and conducted classification experiments with six different machine learning techniques
(Decision tree, Logistic regression, Bernoulli Naive Bayes, Random Forest, Support vector machine with linear kernel,
Support vector machine with Gaussian kernel) and ensemble model combining these techniques in the comment data from
popular music videos - Psy, Katy Perry, LMFAO, Eminem and Shakira.
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Fig. 1 Examples of Spam comment for promoting self
video
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Fig. 2 Overview of the proposed spam comment
detection scheme
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Table. 1 Datasets collected and used in the experiments

Datasets Spam Ham Total
Psy 175 175 350
KatyPerry 175 202 350
LMFAO 236 202 438
Eminem 245 203 448
Shakira 174 196 470
Total 1005 978 1983
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Comment : “John likes to watch movies. Mary likes movies too.”

1. tokenize

[“John”, “likes”, “to”, “watch”, “movies”, “Mary”, “likes”, “movies”, “to0”]

2. Bag of words
BoW = {“John”:1, “likes”:2, “t0”:1, “watch”:1, “movies”:2, “Mary”:1, “to0”:1}

Fig. 3 Tokenize and BoW vectorize process[17]
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Table. 2 Classification methods used in the experiments

Classification methods

CART Decision Tree
LR Logistic Regression
NB-B Benoulli Naive Bayes
RF Random Forest
SVM-L Support vector machine with linear kernel
SVM-R Support vector machine with Gaussian kernel
ESM-H Ensemble with hard voting
ESM-S Ensemble with soft voting
TP+ TN
Ace= 1
“T TP+FN+FP+ TN M
TP
o 3
precision = —mpmp 2)
TP
ecall = —————
reca TPIEN 3)
SC= Recall of Spam @)
BH=1— Recall of Ham 5)
2 X precision X recall
Fl—score = — 6
precision+recalll ©)
TPXTIN)—(FPXFN
MCC= ( )~ @)

V(TP+ FP)(TP+ FN)(IN+ FP)(TN+ FN)

Table. 3 Confusion matrix. Positive : Spam, Negative :

Ham
Predicted
Positive Negative
- Positive TP FN
Negative FP TN
Table. 4 Experiment result
Methods | Acc(%) | SC(%) | BH(%) |Fl-score| MCC
CART 93.53 92.18 5.00 0.935 0.871
LR 92.33 88.27 3.21 0.923 0.851
NB-B 85.87 73.62 0.71 0.858 0.747
RF 92.84 89.58 3.37 0.928 0.860
SVM-L | 9421 93.81 5.36 0.942 0.884
SVM-R | 93.19 89.58 2.86 0.932 0.867
ESM-H | 94.38 92.18 3.21 0.944 0.889
ESM-S 95.06 93.16 2.86 0.951 0.902
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Fig. 4 ROC curve of the proposed classifiers scheme
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