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1. Feature selection of balanced dataset using RF-rfe
For testing the effects of unbalanced samples in the classification, we randomly sampled the balanced number of positive and negative samples from the LIHC dataset of TCGA and then implement the same framework of selecting biomarkers. We have identified 3 biomarker genes (i.e., AMIGO3, BCO2, APLN) for further classification experiments. The classification performance is shown in the following table. The selected biomarkers can still achieve good classification performance. These genes are included in our former identified biomarker gene set. These results proved the effects of unbalanced samples in the classifications are not significant.
Table. The classification performance by identified biomarkers with balanced samples in LIHC dataset.
	Balanced_LIHC
	Adaboost
	ELM
	NB
	NN
	SVM
	RF

	
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR

	SN
	0.956
	0.001
	0.946
	0.001
	0.964
	0.001
	0.876
	0.005
	0.962
	<0.001
	0.964
	<0.001

	SP
	0.930
	0.002
	0.948
	<0.001
	0.960
	<0.001
	0.938
	0.002
	0.974
	<0.001
	0.946
	<0.001

	F1-score
	0.944
	<0.001
	0.947
	0.001
	0.962
	<0.001
	0.903
	0.002
	0.968
	<0.001
	0.955
	<0.001

	ACC
	0.943
	<0.001
	0.947
	0.001
	0.962
	<0.001
	0.907
	0.001
	0.968
	<0.001
	0.955
	<0.001

	AUC
	0.956
	0.002
	0.9756
	<0.001
	0.996
	<0.001
	0.953
	0.001
	0.9976
	<0.001
	0.979
	<0.001
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Figure. ROC curves of TCGA-LIHC by the identified biomarkers in balanced samples.
2. Random selection of genes as biomarkers for validation.
We identified the biomarkers by a random-forest-based feature selection method. In order to verify these selected biomarkers, it is needed to test the classification performance in the samples via multiple classifiers. Due to the limited time for revising this conference paper, we have not compared our method with the other publicly available methods. To address your concerns, we have compared our method with the differential gene set method. That is to say, we randomly selected the same number of differentially expressed genes as biomarkers and used the genes as the features to classify the samples. We performed the comparisons on the TCGA-LIHC dataset. The results are shown in the following table. We found that our method of identifying biomarkers by feature selection is effective.
Table. The classification performance by randomly selecting genes as the biomarkers in LIHC dataset.
	Random
_LIHC
	Adaboost
	ELM
	NN
	SVM
	RF

	
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR

	SN
	0.728
	0.001
	0.616
	0.002
	0.532
	0.007
	0.874
	0.001
	0.798
	0.002

	SP
	0.822
	0.002
	0.742
	0.003
	0.648
	0.005
	0.784
	0.003
	0.786
	0.003

	F1-score
	0.764
	0.001
	0.657
	0.001
	0.563
	0.006
	0.837
	0.001
	0.793
	0.002

	ACC
	0.775
	0.001
	0.679
	0.001
	0.590
	0.004
	0.829
	0.001
	0.792
	0.002

	AUC
	0.838
	0.001
	0.716
	0.001
	0.609
	0.005
	0.883
	0.001
	0.864
	0.001
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Fig. 1. ROC curves of TCGA-LIHC by the randomly selected differential genes.
3. The classification results comparison of selected biomarkers using RF-rfe and SVM-rfe
In the revised paper, we also compared the conventional method of identifying biomarkers. They are often based on SVM-RFE. Thus, we compared the results by our RF-RFE method with those of SVM-RFE. The following table lists the details of classification performance in the six classifiers. Through the comparisons, we can find that our RF-RFE method has better performances in classification and dimension reduction. We also show the results of feature selection and ROC curves of SVM-RFE.
Table. The comparison of SVM-RFE and RF-RFE.
	TCGA-LIHC
	#Biomarkers
	SN
	SP
	F1-score
	ACC
	AUC

	SVM-RFE
	114
	0.937
	0.961
	0.948
	0.949
	0.984

	RF-RFE
	28
	0.959
	0.986
	0.971
	0.972
	0.990



Table. The classification results of biomarkers selected by SVM-RFE.
	TCGA-LIHC
	SN
	SP
	F1-score
	ACC
	AUC

	AdaBoost
	AVG
	0.960
	0.994
	0.976
	0.977
	0.992

	
	VAR
	0.001
	<0.001
	<0.001
	<0.001
	<0.001

	ELM
	AVG
	0.896
	0.960
	0.925
	0.928
	0.972

	
	VAR
	0.002
	<0.001
	<0.001
	<0.001
	<0.001

	NB
	AVG
	0.966
	0.898
	0.934
	0.932
	0.988

	
	VAR
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001

	NN
	AVG
	0.886
	0.942
	0.911
	0.914
	0.965

	
	VAR
	0.002
	0.002
	0.001
	0.001
	<0.001

	SVM
	AVG
	0.964
	0.999
	0.982
	0.982
	0.995

	
	VAR
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001

	RF
	AVG
	0.950
	0.972
	0.960
	0.961
	0.991

	
	VAR
	0.001
	0.001
	0.001
	0.001
	<0.001
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Figure . ROC curves of LIHC biomarkers selected by SVM-RFE.
4. Box plot of biomarkers and differentially expressed genes
We considered carefully about the question that the reason of these good classifications underlying these biomarker genes. The differential expression might be an indicator. To investigate the differentially expression status underlying the differentially expressed genes and the identified biomarkers, we boxplot their P-values in the following figure. From the figure, we can find that the biomarkers are very differentially expressed genes. The results illustrate the effectiveness of our methods in selecting biomarkers by feature selection and classification.
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Figure. Boxplots of P-values in the differentially expressed genes and in the selected biomarkers of UCEC.

5. The distribution of the highest parameters
It is true that there are multiple classifiers to obtain the same maximum value for a certain index (i.e., ties). The following table shows the distribution of the highest parameters.
Table. The distribution of the highest parameters in the classifications.
	
	SN
	SP
	F1-score
	ACC
	AUC

	UCEC
	SVM
	ELM
	ELM
	ELM
	ELM, NB

	KIRP
	NB
	NB
	NB
	NB
	RF

	COAD
	NB,RF
	ELM
	RF
	RF
	RF

	LIHC
	NB,SVM
	ELM, SVM
	RF
	ELM, NB, RF
	ELM

	STAD
	ELM
	NB
	ELM
	ELM
	ELM

	PRAD
	RF
	NB
	SVM
	SVM
	NB

	LUSC
	NB
	ELM,NB
	NB
	NB
	NB

	HNSC
	SVM,RF
	ELM
	ELM
	ELM
	SVM

	THCA
	SVM
	ELM
	ELM
	ELM
	SVM

	LUAD
	NB
	ELM
	NB
	NB
	NB

	KIRC
	NB
	ELM, NB, SVM
	NB
	NB
	RF

	BRCA
	RF
	ELM
	ELM
	ELM
	ELM



6. Validation of selected biomarkers on independent dataset GSE25097.
For testing the classification performance of our identified biomarker genes, we implement the classification in a totally independent dataset. We downloaded the GSE25097 dataset of liver cancer from GEO database in NCBI. There are 268 tumor samples and 243 normal samples. The following table shows the cross-dataset validation of the algorithms of Adaboost, ELM, NB, NN, SVM and RF, and the following figure illustrates the ROC curves. From an empirical perspective, the high performances in the independent dataset prove that there is no overfitting in the classifications.
Table. The classification results of GSE25097.
	GEO
25097
	Adaboost
	ELM
	NB
	NN
	SVM
	RF

	
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR
	AVG
	VAR

	SN
	0.987
	<0.001
	0.967
	<0.001
	0.984
	<0.001
	0.954
	0.001
	0.988
	<0.001
	0.988
	<0.001

	SP
	0.988
	<0.001
	0.992
	<0.001
	0.963
	<0.001
	0.980
	<0.001
	0.984
	<0.001
	0.980
	<0.001

	F1-score
	0.988
	<0.001
	0.979
	<0.001
	0.974
	<0.001
	0.967
	<0.001
	0.986
	<0.001
	0.984
	<0.001

	ACC
	0.988
	<0.001
	0.979
	<0.001
	0.973
	<0.001
	0.967
	<0.001
	0.986
	<0.001
	0.984
	<0.001

	AUC
	0.999
	<0.001
	0.998
	<0.001
	0.997
	<0.001
	0.994
	<0.001
	0.999
	<0.001
	0.998
	<0.001
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Fig. 2. ROC curves in GSE25097.

7. Function and pathway of selected biomarkers of KIRC and KIRP.
In the following table, we listed the names, functions, and pathway of KIRP and KIRC biomarkers. In the revised version, we have mentioned them briefly to show their dysfunctional importance.
	KIRC
	AIF1L
	Allograft Inflammatory Factor 1 Like
	Actin-binding protein that promotes actin bundling. May neither bind calcium nor depend on calcium for function.

	
	CCDC181
	Coiled-Coil Domain Containing 181
	Microtubule-binding protein that localizes to the microtubular manchette of elongating spermatids.

	
	AKAP3
	A-Kinase Anchoring Protein 3
	Among its related pathways are Activation of cAMP-Dependent PKA and Signal transduction_PKA signaling. Gene Ontology (GO) annotations related to this gene include protein kinase A binding. An important paralog of this gene is AKAP4.

	
	SOWAHA
	Sosondowah Ankyrin Repeat Domain Family Member A
	Predicted secreted proteins

	KIRP
	ATP6V0A4
	ATPase H+ Transporting V0 Subunit A4
	Diseases associated with ATP6V0A4 include Renal Tubular Acidosis, Distal, Autosomal Recessive and Renal Tubular Acidosis, Distal. Among its related pathways are Insulin receptor recycling and RET signaling. Gene Ontology (GO) annotations related to this gene include ATPase binding and proton-transporting ATPase activity, rotational mechanism. An important paralog of this gene is ATP6V0A1.

	
	AQP3
	Aquaporin 3 (Gill Blood Group)
	Diseases associated with AQP3 include Acrokeratoderma, Hereditary Papulotranslucent and Pompholyx. Among its related pathways are Transport of glucose and other sugars, bile salts and organic acids, metal ions and amine compounds and Vasopressin-regulated water reabsorption. Gene Ontology (GO) annotations related to this gene include transporter activity and glycerol channel activity.

	
	AEN
	Apoptosis Enhancing Nuclease
	Exonuclease with activity against single- and double-stranded DNA and RNA. Mediates p53-induced apoptosis. When induced by p53 following DNA damage, digests double-stranded DNA to form single-stranded DNA and amplifies DNA damage signals, leading to enhancement of apoptosis.

	
	AKAP2
	A-Kinase Anchoring Protein 2
	Diseases associated with AKAP2 include Kallmann Syndrome. Among its related pathways are Signal transduction_PKA signaling and Proton Pump Inhibitor Pathway, Pharmacodynamics. An important paralog of this gene is PALM2-AKAP2.

	
	ALDH3B2
	Aldehyde Dehydrogenase 3 Family Member B2
	This gene encodes a member of the aldehyde dehydrogenase family, a group of isozymes that may play a major role in the detoxification of aldehydes generated by alcohol metabolism and lipid peroxidation. The gene of this particular family member is over 10 kb in length. Altered methylation patterns at this locus have been observed in spermatozoa derived from patients exhibiting reduced fecundity.

	
	ASB10
	Ankyrin Repeat And SOCS Box Containing 10
	Among its related pathways are Class I MHC mediated antigen processing and presentation and Innate Immune System.

	
	AIF1L
	Allograft Inflammatory Factor 1 Like
	Actin-binding protein that promotes actin bundling. May neither bind calcium nor depend on calcium for function.



8. GO analysis results for 12 diseases
We have finished the functional analysis for the 12 cancer types. We have not shown them in the text only for the limited space. The results of functions are very numerous. We listed the top 5 GO terms for each cancer here. It is clear to see that some common functions are enriched in the 12 cancer types. The pan-cancer analysis is very interesting, while it is not the theme of our current paper. The following table lists the top 5 enriched functions in the 12 cancers.
Table. The top 5 enriched GO functions in the 12 cancer types.
	
	Term ID
	Term Name
	P_adjust
	Gene

	UCEC
	[bookmark: OLE_LINK1]GO:0036066
	Protein O-linked fucosylation
	1.57E-06
	[bookmark: OLE_LINK2][bookmark: OLE_LINK3]ADAMTS5/ADAMTSL4/ADAMTSL1

	
	GO:0034199
	Activation of protein kinase A activity
	[bookmark: _GoBack]1.90E-06
	ADCY9/ADCY3/ADCY4

	
	GO:0036065
	Fucosylation
	9.07E-06
	ADAMTS5/ADAMTSL4/ADAMTSL1

	
	GO:0007189
	Adenylate cyclase-activating G-protein coupled receptor signaling pathway
	1.54E-05
	ADM2/ADCY9/ADCY3/ADCY4

	
	GO:0003091
	Renal water homeostasis
	1.80E-05
	ADCY9/ADCY3/ADCY4

	KIRP
	GO:0007588
	excretion
	0.000192
	ATP6V0A4/AQP3

	
	GO:0019755
	one-carbon compound transport
	0.003395
	AQP3

	
	GO:0070070
	proton-transporting V-type ATPase complex assembly
	0.003395
	ATP6V0A4

	
	GO:0070072
	vacuolar proton-transporting V-type ATPase complex assembly
	0.003395
	ATP6V0A4

	
	GO:0015791
	polyol transport
	0.003733
	AQP3

	COAD
	GO:0006631
	fatty acid metabolic process
	1.89E-13
	ACACB/ACAT1/ACAA2/ACSF2/ACSBG1/ACADM/ACOT11/ACAA1/AKR1C4/ACSL6/ALOXE3/ACADVL/ACADL/ACSL4/APOC1/AKR1C3/ACSM2A/APOC2/ACOT4/ACSM1/ABHD1/ACSM3

	
	GO:0006637
	acyl-CoA metabolic process
	3.17E-11
	ACACB/ACAT1/ACSF2/ACSBG1/ACOT11/ACSL6/ACSL4/AADAT/ACSM2A/ACOT4/ACSM1/ACSM3

	
	GO:0035383
	thioester metabolic process
	3.17E-11
	ACACB/ACAT1/ACSF2/ACSBG1/ACOT11/ACSL6/ACSL4/AADAT/ACSM2A/ACOT4/ACSM1/ACSM3

	
	GO:0006633
	fatty acid biosynthetic process
	1.10E-08
	ACACB/ALOXE3/ACADVL/ACADL/APOC1/AKR1C3/ACSM2A/APOC2/ACSM1/ABHD1/ACSM3

	
	GO:0044242
	cellular lipid catabolic process
	1.12E-08
	ACACB/AKR1B10/ACAT1/ACAA2/ABHD6/ACADM/ACAA1/ACADVL/ACADL/APOC1/AKR1C3/APOC2/ABHD1

	LIHC
	GO:0009066
	aspartate family amino acid metabolic process
	5.40E-05
	ASPG/ASS1/ASPA

	
	GO:0032429
	regulation of phospholipase A2 activity
	7.26E-05
	ANXA8/AGTR1

	
	GO:0007588
	excretion
	7.64E-05
	AQP3/AGTR1/AQP7

	
	GO:0006531
	aspartate metabolic process
	8.87E-05
	ASS1/ASPA

	
	GO:0015791
	polyol transport
	8.87E-05
	AQP3/AQP7

	STAD
	GO:1901617
	organic hydroxy compound biosynthetic process
	0.000241
	BMP6/ASAH2/BAAT/ACOX2

	
	GO:0001822
	kidney development
	0.000346
	ANGPT2/BMP6/AQP11/ACE

	
	GO:0072001
	renal system development
	0.000432
	ANGPT2/BMP6/AQP11/ACE

	
	GO:0001655
	urogenital system development
	0.000682
	ANGPT2/BMP6/AQP11/ACE

	
	GO:0061036
	positive regulation of cartilage development
	0.000691
	BMP1/BMP6

	PRAD
	GO:0070170
	regulation of tooth mineralization
	0.007342
	ASPN

	
	GO:0015791
	polyol transport
	0.008073
	AQP2

	
	GO:0046689
	response to mercury ion
	0.008073
	AQP2

	
	GO:0009415
	response to water
	0.009534
	AQP2

	
	GO:0010248
	establishment or maintenance of transmembrane electrochemical gradient
	0.009534
	ATP1A4

	LUSC
	GO:0030311
	poly-N-acetyllactosamine biosynthetic process
	3.05E-05
	B3GNT4/B3GNT7/B3GNT3

	
	GO:0018146
	keratan sulfate biosynthetic process
	3.46E-05
	B3GNT4/B4GALT2/B3GNT7/B3GNT3

	
	GO:0099132
	ATP hydrolysis coupled cation transmembrane transport
	3.90E-05
	ATP6V1C2/ATP2A1/ATP2A2/ATP2C2/ATP13A5

	
	GO:0030309
	poly-N-acetyllactosamine metabolic process
	4.17E-05
	B3GNT4/B3GNT7/B3GNT3

	
	GO:0042339
	keratan sulfate metabolic process
	6.59E-05
	B3GNT4/B4GALT2/B3GNT7/B3GNT3

	HNSC
	GO:0019395
	fatty acid oxidation
	1.97E-09
	ACOX2/ABCD3/ACADM/ACOX3/ALOX12/ACADVL

	
	GO:0034440
	fatty acid oxidation
	2.22E-09
	ACOX2/ABCD3/ACADM/ACOX3/ALOX12/ACADVL

	
	GO:0033539
	fatty acid oxidation
	3.26E-09
	ACOX2/ACADM/ACOX3/ACADVL

	
	GO:0006635
	fatty acid oxidation
	2.62E-08
	ACOX2/ABCD3/ACADM/ACOX3/ACADVL

	
	GO:0009062
	fatty acid oxidation
	2.07E-07
	ACOX2/ABCD3/ACADM/ACOX3/ACADVL

	THCA
	GO:0019229
	regulation of vasoconstriction
	0.001678
	ADRA1B/APLN

	
	GO:0007585
	respiratory gaseous exchange
	0.001966
	APLN/CCBE1

	
	GO:1903524
	positive regulation of blood circulation
	0.002276
	ADRA1B/APLN

	
	GO:0042310
	vasoconstriction
	0.002676
	ADRA1B/APLN

	
	GO:0097756
	negative regulation of blood vessel diameter
	0.003258
	ADRA1B/APLN

	LUAD
	GO:0006869
	Lipid transport
	3.77E-08
	ATP10B/ABCG2/ANO7/APOLD1/ABCA12/
ABCG1/ABCC3/AGTR2/AQP9/AGTR1/APOC4

	
	GO:0010876
	lipid localization
	 9.83E-08
	ATP10B/ABCG2/ANO7/APOLD1/ABCA12
/ABCG1/ABCC3/AGTR2/AQP9/AGTR1/APOC4

	
	GO:0015850
	Organic hydroxy compound transport
	1.63E-06
	ABCG2/ABCA12/ABCG1/ABCC3/AGTR2/AQP1/AQP9/AGTR1

	
	GO:0030104
	water homeostasis
	4.67E-06
	ADCY8/ABCA12/AQP1/AVPR2/AQP9

	
	GO:0003044
	Regulation of systemic arterial blood pressure mediated by a chemical signal
	2.94E-05
	ADRB1/AGTR2/AVPR2/AGTR1

	KIRC
	GO:0010738
	regulation of protein kinase A signaling
	0.00136
	AKAP3

	
	GO:0010737
	protein kinase A signaling
	0.001926
	AKAP3

	
	GO:0007340
	acrosome reaction
	0.002096
	AKAP3

	
	GO:0007338
	single fertilization
	0.008327
	AKAP3

	
	GO:0009566
	fertilization
	0.010367
	AKAP3

	BRCA
	GO:0043062
	extracellular structure organization
	6.65E-06
	ABCA5/ACAN/ADAMTSL4/
A2M/ADAM19/ADAMTSL2

	
	GO:0006637
	acyl-CoA metabolic process
	7.37E-06
	AASS/ACSS2/ACSL1/ACSBG1

	
	GO:0035383
	thioester metabolic process
	7.37E-06
	AASS/ACSS2/ACSL1/ACSBG1

	
	GO:0035384
	thioester biosynthetic process
	3.37E-05
	ACSS2/ACSL1/ACSBG1

	
	GO:0071616
	acyl-CoA biosynthetic process
	3.37E-05
	ACSS2/ACSL1/ACSBG1
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