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An Improved AdaBoost Algorithm for Identifying Breath Signals of Liver Cancer
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Abstract: An improved AdaBoost reinforcement learning algorithm is proposed for distinguishing the
breath signals of healthy patients and liver cancer patients. First, the breath signals of volunteers, including
healthy controls and liver cancer patients, are collected and their main features are extracted by Relief
algorithm. Then, based on Stacking model, several groups of base classifiers are trained by traditional
machine learning algorithms and some sub-classifiers are then constructed. To reduce the influence of
training samples on the classifier performance, a K-fold crossover is applied, and %4 base classifiers could be
successively obtained to form a base classifier group. Further, the prediction results of this base classifier

group, i.e., sub-classifiers on the test set, are obtained by the voting method. Then, according to the
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prediction error rate of each sub-classifier on the training set, the training set is updated and the weight
coefficients of each sub-classifier are obtained according to the prediction error rate of each sub-classifier on
the training set. Finally, the prediction results of multiple sub-classifiers are weighted and combined to
obtain the final prediction results. Experimental results show that the improved AdaBoost algorithm can
achieve an accuracy of about 90% and the specificity and precision are more than 95% in discriminating the
breath of liver cancer from the breath of healthy controls. Compared with the traditional AdaBoost
algorithm, the proposed algorithm has significantly lower error rate and improved robustness when used for
liver cancer breath detection. Therefore, the improved AdaBoost algorithm can effectively improve the
accuracy of liver cancer breath identification, which is important for the research of identifying liver cancer
by breath for early diagnosis.

Key words: breath detection; liver cancer identification; AdaBoost algorithm; Stacking model; base

classifier group; Relief algorithm
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Table 2 Average performance of different classifiers %
oyt i3 iR T o 5k K ER F~score
Improved AdaBoost 76.95 77.69 76 81.53 79.11
Traditional AdaBoost (BP) 5 76.95 83.07 69 77.81 80.22
Traditional AdaBoost (LR) 66.95 70.00 63 71.63 70.07
Improved AdaBoost 82.61 80.76 85 88.56 83.89
Traditional AdaBoost (BP) 10 82.60 79.23 87 89.03 83.00
Traditional AdaBoost (LR) 71.73 73.07 70 77.07 74.20
Improved AdaBoost 86.08 86.92 85 88.76 87.46
Traditional AdaBoost (BP) 20 85.21 88.46 81 87.6 87.16
Traditional AdaBoost (LR) 86.08 91.53 79 86.03 88.13
Improved AdaBoost 86.52 87.69 85 88.88 88.09
Traditional AdaBoost (BP) 30 87.82 91.53 83 87.64 89.44
Traditional AdaBoost (LR) 85.65 88.46 82 86.87 87.43
Improved AdaBoost 93.04 96.15 89 92.31 94.03
Traditional AdaBoost (BP) 40 86.52 93.07 78 85.58 88.87
Traditional AdaBoost (LR) 87.39 92.30 81 86.60 89.15
Improved AdaBoost 88.69 91.53 85 89.76 90.31
Traditional AdaBoost (BP) 50 87.82 90.76 84 88.73 89.52
Traditional AdaBoost (LR) 89.13 90.00 88 90.93 90.29
Improved AdaBoost 86.95 88.46 85 89.18 88.38
Traditional AdaBoost (BP) 60 84.34 86.92 81 87.01 86.32
Traditional AdaBoost (LR) 85.21 93.84 74 83.22 87.26
Improved AdaBoost 89.13 90.00 88 91.05 90.22
Traditional AdaBoost (BP) 70 81.73 80.00 84 87.52 82.52
Traditional AdaBoost (LR) 90.00 91.53 88 91.29 91.13
Improved AdaBoost 86.95 86.92 87 89.91 88.14
Traditional AdaBoost (BP) 80 82.17 83.07 81 85.22 83.81
Traditional AdaBoost (LR) 85.21 89.23 80 86.40 87.21
Improved AdaBoost 85.65 86.92 84 88.35 87.22
Traditional AdaBoost (BP) 90 85.65 80.00 93 93.90 86.28
Traditional AdaBoost (LR) 83.91 86.15 81 86.49 86.00
Improved AdaBoost 83.04 83.07 83 87.36 84.50
Traditional AdaBoost (BP) 100 82.17 82.30 82 85.82 83.68

Traditional AdaBoost (LR) 87.39 90.76 83 88.56 89.17
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