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1 Supplementary figures 

Figure S1. Barplots presenting the number and composition of genes analyzed for each data set. Distinguished 6 

levels of count of mean abundances are presented in colors. 
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Figure S2. Barplots presenting the number and composition of housekeeping genes for each data set. 

Distinguished 6 levels of count of mean abundances are presented in colors. 
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Figure S3. MAplots presenting the raw data (RD) and data after 5 methods of normalization, in the case of 
Cheung, Bodymap and AML data sets. Each dot represents one gene. Red dots represent DEGs. 
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Figure S4. Venn diagrams for five normalization methods based on Cheung, Bodymap and AML data sets. 
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Figure S5. Common DEGs across each pair of normalization methods for Cheung and Bodymap data sets. The 
sizes and shadowing of circles represent the percentage value of common genes. 
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Figure S6. Log-transformed counts versus GC-content for each sample in the Cheung, Bodymap and AML data. 
Replicates in each condition are represented by the same color, as indicated in the legends.  
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Figure S7.  Heatmap of distances between samples based on log read counts for AML data set. The dendrogram 
was created based on hierarchical cluster analysis with complete method. The labels of rows indicate the number 
of batch connected with sampling date. 
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Figure S8. PCA (principal-components analysis) visualization of the first two principal components for the 
AML data set. The colors in the plot indicate the batch number that is connected with sampling date.  
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2 Supplementary tables 

Table S1. The number of genes for particular mean of abundances for all genes in each datasets 

Mean of abundance of 
genes 

Number of genes in each dataset 
Cheung Bodymap Leukemia 

<10 5492 2300 0 
10-100 2602 2845 1669 
100-500 2220 2811 5114 
500-1000 902 1357 2635 
1000-5000  1041 2677 2965 
>5000 152 963 365 
 
 
Table S2. The number of housekeeping genes for particular mean of abundances for all housekeeping 
genes in each datasets.  

Mean of abundance of 
HG 

Number of HG genes in each dataset 
Cheung Bodymap Leukemia 

<10 44 9 0 
10-100 33 24 15 
100-500 21 34 46 
500-1000 14 20 31 
1000-5000 12 30 31 
>5000 1 14 4 
 
 
Table S3. The list of positive control genes and negative control genes. 

negative control genes positive control genes 
ACADVL PSEN1 AGER KRAS 

ADSL PSMB2 AURKA MCL1 
BTD PSMB4 AURKB MSLN 

C1orf43 RAB7A AURKC MTHFD1 
CANX RAC2 BAALC MUC1 

CHMP2A REEP5 BCL2 NPM1 
CLU RPL11 BIRC5 NRAS 

EMC7 RPL19 BMI1 NSD1 
FTL RPL37A CALML4 NUDCD1 

G6PD RPL5 CCNA1 PRAME 
GPI RPLP0 CCNB1 PRKCSH 

H3F3A RPLP1 CCNE1 PRTN3 
HPRT1 RPS27A CDC25C RGS5 

HSP90AA1 RPS29 DNAJA1 RPS23 
LDHA RPS3 DNAJC2 RPSA 
MT2A SNRPD3 FLT3 SAGE1 
NONO TCEA1 HBG2 SPAG9 
PFKL TMSB4X HMMR SSX2IP 
PFKM TUBA1A HN1L SYCP1 
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PFKP VCP HOXA9 TERT 
PGAM1 VPS29 HRAS USP33 
PGK1 VPS72 ING3 WT1 

	
  
	
  

Table S4. Summary of comparison results for the five normalization methods under consideration. 

The final rank is based on the bias and variance values, sensitivity, specificity values, the prediction 

errors and the number of common DEGs for AML data after additionally ‘gc content – EDAseq’ 

normalization. 

Criteria TMM UQ DES EBS PS 

bias 5(0.818) 4(0.787) 1(0.748) 3(0.766) 2(0.754) 
variance 5(0.689) 4(0.636) 1(0.587) 3(0.606) 2(0.592) 
sensitivity 5(4.167) 3(20.83) 4(12.50) 1(37.50) 2(29.17) 
specificity 1(96.55) 3(82.76) 2(93.10) 5(48.28) 4(58.62) 
prediction errors 1(7.160) 4(9.506) 5(9.877) 3(8.889) 2(8.395) 
common DEGs 5(48.75) 1(57.17) 2(57.08) 4(54.08) 3(56.50) 
 


