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Abstract

With the rapid growth of the Internet, millions of indiscriminate advertising SMS are sent every day because of the
convenience of sending and receiving data. Although we still use methods to block spam words manually, we have
been actively researching how to filter spam in a various ways as machine learning emerged. However, spam words
and patterns are constantly changing to avoid being filtered, so existing machine learning mechanisms cannot detect
or adapt to new words and patterns. Recently, the concept of Lifelong Learning emerged to overcome these limitations,
using existing knowledge to keep learning new knowledge continuously. In this paper, we propose a method of spam
filtering system using ensemble techniques of naive bayesian which is most commonly used in document classification
and LLML (Lifelong Machine Learning). We validate the performance of lifelong learning by applying the model ELLA
and the Naive Bayes most commonly used in existing spam filters.
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Fig. 1. LLML based spam filtering system.
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Table 1. Number of spam reports by category.

E 1L 72" AR MO A
Label Category Number
0 Gambling 6363
1 Etc. (in spam) 4619
2 Election 2615
3 Chauffeur service 1684
4 Non Spam 1637
5 Tllegal loan + Finance 2424
6 Others 3828
Total Total 23,170
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Table 2. Results of Naive Bayes Spam Filter.
¥ 2 Ljo|E Hjo|= 2@ HE HIf
Label Precision Recall F1-score
0 0.88 0.91 0.90
1 0.76 0.79 0.78
2 0.92 0.96 0.94
3 0.98 0.95 0.96
4 0.77 0.54 0.63
5 0.82 0.89 0.85
6 0.84 0.79 0.82
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Table 3. Results of ELLA Spam Filter.
E 3 ELLA AW =zl 23}

Label Precision Recall F1-score
0 0.94 1.00 0.97
1 0.93 0.99 0.96
2 0.92 094 0.93
3 0.95 1.00 0.97
4 0.93 0.96 0.94
5 0.93 0.99 0.96
Accuracy . . 0.91
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