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Table 1: Description of the genomics and proteomics datasets used for benchmarking the feature selection (FS) methods developed in this manuscript.


 
	# dataset
	GEO accession numbers
	Technology
	Samples
	Features
	# Classes
	Description
	ML problem
	References

	1
	GSE5325
	Transcriptomics
	106
	8534
	2
	Analysis of breast cancer tumor samples using 2-color cDNA microarrays.
	Classification
	[1]

	2
	-
	Proteomics
	7000
	545
	-
	Peptides fractionated by IPG-HPLC and analyzed by Mass spectrometry.
	Regression
	[2, 3]

	3
	-
	Proteomics
	44
	15525
	5
	Triple-Negative Breast Cancer (TNBC) proteome. Label-free deep proteome analysis of 44 (samples and technical replicates) human breast specimens.
	Classification
	[4]

	4
	GSE48760
	Transcriptomics
	208
	25697
	2
	Transcriptomics analysis of left ventricles of mouse subjected to an isoproterenol challenge.
	Classification
	[5]

	5
	GSE6919
/GPL8300
	Transcriptomics
	171
	12558
	4
	Expression data from normal and prostate tumor tissues.
	Classification
	[6, 7]

	6
	GSE6919
/GPL92
	Transcriptomics
	168
	12553
	4
	Expression data from normal and prostate tumor tissues.
	Classification
	[6, 7]


	7
	GSE6919
/GPL93
	Transcriptomics
	165
	12626
	4
	Expression data from normal and prostate tumor tissues.
	Classification
	[6, 7]
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Figure 1:  Schema of the existing Feature Selection Approaches. We highlighted (in bold letters) all the algorithms that can be combined using the proposed workflow in this study.  
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Figure 2: Diagram of Feature Selection (FS) Filtering (A) and (B) Wrapper approaches. In the filtering approaches the dimension reduction occurs before the machine learning step. In contrast, in the Wrapper approaches the machine learning model (ML Algorithm) is used in combination with the FS step to improve the selection process. The proposed workflow combines the strengths of both techniques.   
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[bookmark: _GoBack]Table 2: Number of final features after the FS step for the proposed workflow. Three different combinations are shown: The Random Forest classification algorithm without a feature selection step (RF); the combination of the univariate correlation filter with the matrix correlation and recursive feature elimination before the Random Forest classification step (X2-CM-RFE-RF); and finally, the combination of univariate correlation filter with principal component analysis, before the Random Forest classification step (X2-PCA-RFE-RF).  


	Workflow
	GSE5325
(Dataset 1)
	TNBC
(Dataset 3)
	GSE48760
(Dataset 4)
	GSE6919
/GPL8300
(Dataset 5)
	GSE6919
/GPL92
(Dataset 6)
	GSE6919
/GPL93
(Dataset 7)

	RF
	1,874
	1,419
	4,117
	4,803
	4,761
	4,941

	X2-CM-RFE-RF
	8
	20
	7
	50
	45
	50

	X2-PCA-RFE-RF
	8
	6
	5
	35
	5
	6
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Table 3. Performance evaluation on TNBC and GSE5325 datasets for MRMD tool and the proposed FS workflow(s). MRMD: Maximum-Relevance-Maximum-Distance, X2: Univariate Correlation filter, CM: Multivariate Correlation Matrix, RFE: Recursive Feature Elimination, RF: Random Forest, PCA: Principal Component Analysis, GI: Gain Information filter.


	
	TNBC
	GSE5325

	
	Acc. Max.
	# Features
	Runtime (min)
	Acc. Max.
	# Features
	Runtime

	MRMD
	0.98
	2689
	18.46
	0.95
	409
	57.53

	X2-CM-RFE-RF
	1.00
	20
	3.03
	0.94
	8
	6.39

	X2-PCA-RFE-RF
	0.96
	6
	1.99
	0.91
	7
	5.26

	GI-CM-RFE-RF
	0.98
	30
	1.67
	0.94
	20
	2.62

	GI-PCA-RFE-RF
	0.96
	8
	1.01
	0.91
	4
	2.65
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