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Chapter 5
Conclusion and Future Work

5.1 Conclusion

In this thesis, a multilevel feature selection approach (MLFS) and two semi-
supervised machine learning approaches adaptation are proposed. MLFS inte-
grates deep and active learning to select the best genes that will enhance the
classification accuracy. The proposed feature selection approach was also ex-
tended to apply for miRNAs feature selection. The experimental results show
that the proposed feature selection approach was able to outperform classical
feature selection methods in terms of Fl-measure by 9% in HCC, 6% in lung
cancer and 10% in breast cancer. In addition, experimental results show the
enhancement in Fl-measure of our approach over recent related work in [1]

and [2].

Also, in this thesis, two semi-supervised machine learning approaches were
adapted to classify cancer subtypes based on miRNA and gene expression pro-
tiles. They both exploit the expression profiles of unlabeled samples to enrich
the training data. The miRNA-gene relation is additionally used to enhance
the classification in co-training. Both self-learning and co-training approaches
improved the accuracy compared to Random Forests and SVM as baseline clas-
sifiers. The results show up to 20% improvement in F1-measure in breast cancer,
10% improvement in precision in metastatic HCC cancer and 3% improvement
in F1-measure in squamous lung cancer. Co-Training also outperforms LDS ap-

roach by around 25% improvement in F1-measure for breast cancer.
p y 1%
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5.2 Future Work

Our future work can be summarized in the following points:

e Integrate both MLFS feature selection method with cancer classifiers re-
sulted from semi-supervised machine learning techniques (self-learning

and co-training).

e Explore different mapping functions for mapping miRNA expression pro-

files to gene expression profiles and vice versa in the co-training approach.

e Explore different feature selection techniques to use with the DBN high

level representations.

e Explore different active learning strategies other than the uncertainty sam-

pling used in the MLFS approach.

o Integrate other biology relations like gene ontology and gene pathways.

e Explore [Single Nucleotide Polymorphism (SNP)|effect on genes and miR-

NAs and how can this information be integrated to enhance cancer classi-

fiers.
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