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Tumor cell 
lines

In silico comparison of different cancer cell lines

Apc1638N-T1

 Chain-terminating mutation         
   in one allele of APC gene
 No tumor growth!

CMT-93 (ATCC):

 Tumor growth!
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Follow-up analyses: APC vs CMT-93



  

Pathway model: APC vs CMT-93



  

Pathway model: APC vs CMT-93

→ POSTER
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A novel information theory-based method: 

GeneSpiker

Concept: Refine the input data set (DEG list) by identifying the most 
significantly differentially regulated genes (DRGs) 

Main steps:

1. MATCH™ analysis and construction of a transposed TFBS-
sequence matrix with affinity-scaled frequency scores

2. Quantification of differences between the distribution of scores 
using the Jensen-Shannon divergence (JSD)       

3. Identification of statistically significant JSD-values

4. Definition of DRGs



  

1. Construction of a transposed TFBS-sequence matrix 

MATCH™ analysis with TRANSFAC® PWMs 



  

1. Construction of a transposed TFBS-sequence matrix 

Let S
i 
(i = 1, . . . , m) be a sequence
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1. Construction of a transposed TFBS-sequence matrix 
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1. Construction of a transposed TFBS-sequence matrix 

PWM1 PWM2 PWM3 PWM4 PWM5 PWM6 PWM7 PWM8 PWM9 PWM10

Gene1 834 677 1621 886 2234 779 1657 965 965 1169

Gene2 4564 6434 5465 3233 7875 9655 8546 6666 8654 4888

Gene3 1621 688 897 1924 966 743 1054 1677 678 767

Concrete example: Matrix M

Gene1 Gene2 Gene3

PWM1 834 4564 1621

PWM2 677 6434 688

PWM3 1621 5465 897

PWM4 886 3233 1924

PWM5 2234 7875 966

PWM6 779 9655 743

PWM7 1657 8546 1054

PWM8 965 6666 1677

PWM9 965 8654 678

PWM10 1169 4888 767

transpose



  

2. Quantification of differences between the binding site                   
distribution of TFs using the Jensen-Shannon divergence (JSD) 

Gene1 Gene2 Gene3

PWM1 834 4564 1621

PWM2 677 6434 688

PWM3 1621 5465 897

PWM4 886 3233 1924

PWM5 2234 7875 966

PWM6 779 9655 743

PWM7 1657 8546 1054
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2. Quantification of differences between the binding site                   
distribution of TFs using the Jensen-Shannon divergence (JSD) 

Matrix M

2. Gene1 - Gene3

Gene1 Gene2 Gene3
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2. Quantification of differences between the binding site                   
distribution of TFs using the Jensen-Shannon divergence (JSD) 

Matrix M

3. Gene2 - Gene3

Gene1 Gene2 Gene3

PWM1 834 4564 1621

PWM2 677 6434 688

PWM3 1621 5465 897

PWM4 886 3233 1924

PWM5 2234 7875 966

PWM6 779 9655 743

PWM7 1657 8546 1054

PWM8 965 6666 1677

PWM9 965 8654 678

PWM10 1169 4888 767



  

3. Identification of statistically significant JSD-values

Application of the Jensen-Shannon divergence (JSD) results in 

 
,where n = number of genes

Identification of significant JSD values (JSDsig)

Coupled Mutation Finder: A new entropy-based method quantifying phylogenetic noise for the detection of compensatory mutations 
BMC Bioinformatics (11 September 2012), 225, doi:10.1186/1471-2105-13-225
by Mehmet Gültas, Martin Haubrock, Nesrin Tüysüz, Stephan Waack



  

4. Definition of DRGs 

Matrix MMatrix M
Gene1 Gene2 Gene3

PWM1 834 4564 1621

PWM2 677 6434 688

PWM3 1621 5465 897

PWM4 886 3233 1924

PWM5 2234 7875 966

PWM6 779 9655 743

PWM7 1657 8546 1054

PWM8 965 6666 1677

PWM9 965 8654 678

PWM10 1169 4888 767

Gene2 exhibits the most different distribution of affinity-scaled frequency scores of the three genes

Gene2 is the most (significantly) differentially regulated gene (DRG)



  



  

Alexander Kel, 2012. “Walking pathways” and how promoters can help to find new drugs. www.nettab.org/2012/slides/Kel.pdf
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CAV1expression can lead to an inhibition of cancer-related pathways

Alexander Kel, 2012. “Walking pathways” and how promoters can help to find new drugs. www.nettab.org/2012/slides/Kel.pdf
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Paper: EGF Mouse Model of Liver Cancer

Stegmaier, P, Voss, N, Meier, T, Kel, A, Wingender, E, Borlak, J (2011). Advanced computational biology methods identify molecular 
switches for malignancy in an EGF mouse model of liver cancer. PLoS ONE, 6, 3:e17738.

Figure 2. Expression responses of known liver carcinoma/neoplasia biomarkers in EGF-induced carcinogenicity.

Upregulated in tumorUpregulated in transgenic (pre-tumor)



  

Paper: EGF Mouse Model of Liver Cancer

Stegmaier, P, Voss, N, Meier, T, Kel, A, Wingender, E, Borlak, J (2011). Advanced computational biology methods identify molecular 
switches for malignancy in an EGF mouse model of liver cancer. PLoS ONE, 6, 3:e17738.

Figure 8. Merged key node networks of EGF and IGF-2 cascades with transcription factors revealed by promoter analysis.

IGF-2
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GeneSpiker-significant DRGs

Transgenic: top 20 DRGs Tumor: top 20 DRGs

NM_001282943_Ccne2 192
NM_001098203_Hic1 174
NM_001111336_Hsd3b4 152
NM_007872_Dnmt3a 152
NM_001289920_E2f3 141
NM_008005_Fgf18 138
NM_011693_Vcam1 135
NM_008680_Enah 132
NR_028441_Vmn2r-ps60 127
NM_010111_Efnb2 127
NM_001146087_Il1f5 118
NM_017480_Icos 112
NM_145515_Mark1 112
NM_010151_Nr2f1* 104
NM_033075_D17H6S56E-5   99
NM_011388_Slc10a2   98
NM_001110783_Ank1                 97
NM_008221_Hbb-y                 96
NM_010437_Hivep2                 96
NM_009697_Nr2f2*                 95

NM_016768_Pbx3 280
NM_001282943_Ccne2 257
NM_009523_Wnt4 228
NM_010514_Igf2 220
NM_001289920_E2f3 209
NR_028441_Vmn2r-ps60 191
NM_010111_Efnb2 184
NM_011146_Pparg 183
NM_010637_Klf4 178
NM_009331_Tcf7 178
NM_009072_Rock2 168
NM_011604_Tlr6 168
NM_033075_D17H6S56E-5 165
NM_007423_Afp 159
NM_001122737_Igf2 158
NM_008605_Mmp12 146
NM_001290637_Dab2ip 142
NM_001198833_Ddr1 137
NM_009731_Akr1b7 132
NM_198622_H1fx 132

*COUP-TF1/COUP-TF2



  

Master regulators analysis based on 
GeneSpiker-significant DRG

 

Find master regulators in networks

Transgenic Tumor

Top 3 Master regulators



  

Conclusion

Success of your follow-up analyses such as GSEA, TRANSPATH® pathway 
analysis, TFBS enrichment (F-MATCH) analysis, Master regulator analysis etc. 
can be enhanced by using more refined input lists (e.g. DEGs)     

GeneSpiker is a novel method for the identification of the most significantly 
differentially regulated genes (DRG)

→Output: a filtered (refined) and ranked gene list  

GeneSpiker can identify biomarkers of early/late cancer stage

GeneSpiker in combination with follow-up analyses results in more specific 
pathway models 
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