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Abstract

The detection of spam has always been a research hotspot in big data and artificial intelligence. This
paper presents a complete data analysis process for the spam data set on the Kaggle, including data
preprocessing, the construction of text feature, building the detection model of a spam. Due to the
imbalance between ham and spam, the SMOTE algorithm is used to expand the spam data, then four
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learning algorithms such as logistic regression, SVM, decision tree and random forest are used to
build the detection model of spam. The performance of four detection models is compared before
and after SMOTE, especially the classification accuracy, precision, recall, F1-Score and confusion
matrix. The experimental results show that SMOTE algorithm can effectively improve the accuracy
of spam detection, and the spam detection model based on SMOTE algorithm has good performance.
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Figure 1. The distribution of ham vs. spam. (a) The pie chart of ham vs spam; (b) The histogram of message length ham vs
spam
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Figure 2. The process of experiment
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Table 2. Comparison of four spam detection models
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SMOTE
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Accuracy =0.9648
Recall = 0.7444
Precision = 0.9781

F1-Score =0.9128

Accuracy =0.9792
Recall =0.9111
Precision = 0.9266

F1-Score = 0.9534

SCRFEIEAL

Accuracy =0.9842
Recall = 0.8944
Precision = 0.9817

F1-Score = 0.9635

Accuracy =0.9842
Recall = 0.9167
Precision = 0.9593

F1-Score = 0.9642
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Accuracy = 0.8777
Recall =0.7722
Precision = 0.8633
F1-Score = 0.8947
Accuracy =0.9103
Recall = 0.8222
Precision = 0.9867

F1-Score =0.9416

Accuracy = 0.8843
Recall = 0.8
Precision = 0.7912
F1-Score = 0.8825
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Recall = 0.8333
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Figure 3. The confusion matrix of four models. (a) The confusion matrix of LR before SMOTE; (b) The confusion matrix of
LR after SMOTE; (c) The confusion matrix of SVM before SMOTE; (d) The confusion matrix of SVM after SMOTE; (e) The
confusion matrix of DT before SMOTE; (f) The confusion matrix of DT after SMOTE; (g) The confusion matrix of RF before
SMOTE; (h) The confusion matrix of RF after SMOTE
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