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Plan 

• Improving Reproducibility of Gene Expression 

Profile Analysis 

 

• Improving Consistency in Proteomic Profile 

Analysis 

 

• Improving Coverage in Proteomic Profile Analysis 

 



Improving Reproducibility of Gene 

Expression Profile Analysis 
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Percentage of Overlapping Genes 

• Low % of overlapping 

genes from diff expt in 

general 

 

– Prostate cancer 

• Lapointe et al, 2004 

• Singh et al, 2002 

– Lung cancer 

• Garber et al, 2001 

• Bhattacharjee et al, 

2001 

– DMD 

• Haslett et al, 2002 

• Pescatori et al, 2007 

Datasets DEG POG 

Prostate 

Cancer 

Top 10 0.30 

Top 50 0.14 

Top100 0.15 

Lung 

Cancer 

Top 10 0.00 

Top 50 0.20 

Top100 0.31 

DMD 
Top 10 0.20 

Top 50 0.42 

Top100 0.54 
Zhang et al, Bioinformatics, 2009 
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Individual Genes 

• Suppose  

– Each gene has 50% 

chance to be high 

– You have 3 disease 

and 3 normal 

samples 

 

• How many genes on a 

microarray are 

expected to perfectly 

correlate to these 

samples? 

• Prob(a gene is 

correlated) = 1/26 

• # of genes on array = 

100,000 

E(# of correlated 

genes) = 1,562 

 

Many false positives 

• These cannot be 

eliminated based on 

pure statistics! 
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Gene Regulatory Circuits 

• Each disease phenotype 

has some underlying 

cause 

 

• There is some unifying 

biological theme for genes 

that are truly associated 

with a disease subtype 

 

• Uncertainty  in selected 

genes can be reduced by 

considering biological 

processes of the genes 
 

• The unifying biological 

theme is basis for inferring 

the underlying cause of 

disease subtype 
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Towards More Meaningful Genes 

• ORA  

– Khatri et al 

– Genomics, 2002 

• FCS 

– Pavlidis & Noble 

– PSB 2002 

• GSEA 

– Subramanian et al 

– PNAS, 2005 

• SNet 

– Soh et al  

– BMC Genomics, 2011 

Overlap Analysis 

Direct-Group Analysis 

Network-Based Analysis 
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Network-Based Analysis: SNet 

• Group samples into type D and D 

• Extract & score subnetworks for type D 

– Get list of genes highly expressed in most D samples 

• These genes need not be differentially expressed 

– Put these genes into pathways 

– Locate connected components (ie., candidate 

subnetworks) from these pathway graphs 

– Score subnetworks on D samples and on D samples 

• For each subnetwork, compute t-statistic on the two 

sets of scores  

• Determine significant subnetworks by permutations 

Soh et al.  “Finding Consistent Disease Subnetworks Across Microarray 

Datasets”. BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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Genes A, B, C are high in 

phenotype D 

 

A is high in phenotype ~D but B 

and C are not 

A 

B 

C 

Conventional techniques: Gene 

B and Gene C are selected. 

Possible incorrect postulation 

of mutations in gene B and C 

Key Insight # 1 

• SNet does not require all 

the genes in subnet to 

be diff expressed 

 

• It only requires the 

subnet as a whole to be 

diff expressed 

 

• Able to capture entire 

relationship, postulating 

a mutation in gene A 
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A branch within pathway 

consisting of genes A, B, C, D and 

E are high in phenotype D 

 

Genes C, D and E not high in 

phenotype ~D 

 

30 other genes not diff expressed 

A 

B 

C 

Conventional techniques: Entire 

network is likely to be missed 

D 

E 

30 other genes 

Key Insight # 2 

• SNet: Able to capture the subnetwork branch 

within the pathway 
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Better Subnetwork Overlap 

• For each disease, take significant subnetworks 

from one dataset and see if it is also significant in 

the other dataset 

 

Soh et al.  BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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Better Gene Overlaps 

• For each disease, take significant subnetworks 

extracted independently from both datasets and 

see how much their genes overlap 

 

Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 
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Larger Subnetworks 

Soh et al. BMC Bioinformatics, 12(Suppl. 13):S15, 2011. 



Improving Consistency in  

Proteomic Profile Analysis 
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Issues in Proteomic Profiling 

• Coverage 

• Consistency 

 

Thresholding 

– Somewhat arbitrary 

– Potentially wasteful 

• By raising threshold, 

some info disappears 

 

 

Detected  

protein 

Present but  

undetected  

protein 

Image credit: Wilson Goh 
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Detected  

protein 

Present but  

undetected  

protein 

An Intuitive Solution 

• Suppose the failure to 

form a protein complex 

causes a disease 

– If any component 

protein is missing, the 

complex can’t form 

Diff patients suffering 

from the disease can 

have a diff protein 

component missing 

–  Construct a profile 

based on complexes? 
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“Threshold-free” Principle of PSP 

Hit rate in a 

ref complex 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization approach for 

cancer proteomics. Journal of Proteome Research. 11(3):1571-1581, March 2012. 
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Consistency: Samples segregate by 

their classes with high confidence 

Goh et al. Proteomics signature profiling (PSP): A novel contextualization approach for 

cancer proteomics. Journal of Proteome Research. 11(3):1571-1581, March 2012 
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False Positive Rate Analysis 

• Divide 7 poor patients into 2 

groups 

– Significant complexes produced 

by PSP here are false positives 

• Repeat many times to get dull 

distribution 

– Median = 40, mode = 6 

 

• Cf. 523 complexes in CORUM 

(size ≥4) used in PSP. At p ≤ 5%,  

523 * 5%   27 false positives 

expected 

Goh et al. Enhancing utility of proteomics signature profiling (PSP) with pathway derived 

subnets (PDSs), performance analysis and specialized ontologies. BMC Genomcs, to appear.  



Improving Coverage in  

Proteomic Profile Analysis 
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Detected  

protein 

Present but  

undetected  

protein 

Typical proteomic 

profiling misses 

many proteins 

 

Need to improve 

coverage! 

Image credit: Wilson Goh 
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FCS 

• Rescue undetected proteins from high-scoring 

protein complexes  

 

• Why?  

 

 

 

 

 

• Shortcoming: Databases of known complexes are 

still small 

Let A, B, C, D and E be the 5 proteins that function as a complex 

and thus are normally correlated in their expression. Suppose only 

A is not detected and all of B–E are detected. Suppose the screen 

has 50% reliability. Then, A’s chance of being false negative is 

50%, & the chance of B–E all being false positives is (50%)4=6%. 

Hence, it is almost 10x more likely that A is false negative than B–

E all being false positives. 
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Experiment 

• Valporic acid (VPA)-treated mice vs control 

– VPA or vehicle injected every 12 hours into 

postnatal day-56 adult mice for 2 days 

– Role of VPA in epigenetic remodeling 

 

• MS was scanned against IPI rat db in round #1 

– 291 proteins identified 

• MS was scanned against UniProtkb in round #2 

– 498 additional proteins identified 

 

• All recovery methods ran on round #1 data and 

the recovered proteins checked against round #2 
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Moderate level of 

agreement of 

reported proteins 

between various 

recovery methods 
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Performance Comparison 

• Looks like running FCS on real complexes is able 

to recover more proteins and more accurately 
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Precision vs recall 

of running FCS on 

real complexes  
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