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Causes - 
http://media.journalinteractive.com/documents/
dna2gr.pdf 
 

Synopsis - 
http://www.jsonline.com/news/health/112248249.html 
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http://cbm.msoe.edu/scienceOlympiad/
module2012/xiapHome.html 
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Glossary - 
http://www.jsonline.com/news/health/
105196904.html 
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Reading Assignment 
 
Chapter 2, Text 
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Outline 

•  What can we do with high throughput gene 
expression data? 

•  Profiling and comparative studies – gene signatures 
•  Machine learning approaches – biomarker discovery 
•  Correlation analysis – gene function prediction using 

co-expression 
•  Network analysis – network biomarkers 
•  Genomic variants – the drivers (?) 



Affymetrix GeneChip  
•  silicon chip 
•  oligonucleiotide probes lithographically synthesized on 

the array 



How does microarray work? 



How does microarray work? 



Two-channel microarray 
•  Printed microarrays 
•  Long probe oligonucleotides (80-100) long are 

“printed” on the glass chip 
•  Comparative hybridization experiment 
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Reading Material –  
 Chapter 3, Text 

13 
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Outline 

•  What can we do with high throughput gene 
expression data? 

•  Profiling and comparative studies  
•  Machine learning approaches – biomarker discovery 
•  Correlation analysis – gene function prediction using 

co-expression 
•  Network analysis – network biomarkers 



Data Analysis 

Normalization 

Visualization 

QC (MA plot, 
box plot, 

batch effect, 
PCA) 

Comparative 
analysis 

Clustering 
analysis 

Classification 
(feature 
selection) 

Enrichment 
analysis 

Pathway 
and 

network 
analysis 

Raw data  
(image) 

Probe level  
data 

PM vs MM  
probes 

Reading for 
probes  

QC 
(artifact) 



Hypothesis Testing 
 
Pick a dataset from GEO 



Hypothesis Testing 
Two set of samples sampled from two 
distributions 



New Resource 

https://insilicodb.com/browse 
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Outline 

•  What can we do with high throughput gene 
expression data? 

•  Profiling and comparative studies  
•  Machine learning approaches – biomarker discovery 
•  Correlation analysis – gene function prediction using 

co-expression 
•  Network analysis – network biomarkers 
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A Case Study 

20 
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Breast Cancer Prognosis Marker 

http://www.nature.com/nature/journal/v415/n6871/full/415530a.html 
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Derive Prognostic Markers 
•  Gene expression microarray data for 295 breast cancer 

patients including 69 ER-negative ones 

•  Survival time is a major evaluation criteria for cancer 
treatment, thus developing prognosis markers is 
particularly important for cancers 

•  Full clinical information – ER, PR, HERR2 status, survival 
status and time, metastasis status, lymph node status, etc 
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Unsupervised Analysis the Data  

Clustering 
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Gene Feature Selection 
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Supervised Analysis 

Test 

Validation 
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Gene Markers 

•  The 70 gene signature was later incorporated into a test 
called Mammaprint and is used clinically (FDA approved) 
for breast cancer prognosis 

•  Other clinically used gene signatures also exists such as 
OncoDX, PAM50 

•  Prognosis signature is not enough for personalized 
treatment. Ongoing work is more and more shifted toward 
Predictive maker discovery (e..g, to predict drug response).  
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Another Case Study 
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http://www.ncbi.nlm.nih.gov/pubmed/10521349	
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Goal - Stratification 

www.google.com J	
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PubMed Id: 10521349 	
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Also Available @ 

http://www.broadinstitute.org/cgi-bin/cancer/
publications/pub_paper.cgi?
mode=view&paper_id=43 
 
http://www.broadinstitute.org/cancer/software/
genepattern/datasets/ 
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The Premise 
•  Class discovery  to automatically distinguish  

between  
-  acute myeloid leukemia: AML 
-  acute lymphoblastic leukemia: ALL  

•  No knowledge of these classes 

•  Genetic causes known - specific chromosomal 
translocations 

•  Use microarrays 
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The Data 

•  38 bone marrow samples (27 ALL, 11 AML) 
•  Obtained from patients at time of diagnosis 
•  RNA from bone marrow mononuclear cells 

•  Affymetrix microarrays 
•  Probes for 6817 human genes 
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 Schematic illustration of methodology. (a) Strategy 
for cancer classification. Tumor classes may be 
known a priori or discovered on the basis of the 
expression data by using Self-Organizing Maps 
(SOMs) as described in the text. Class Prediction 
involves assignment of an unknown tumor sample 
to the appropriate class on the basis of gene 
expression pattern. This consists of several steps: 
neighborhood analysis to assess whether there is a 
significant excess of genes correlated with the 
class distinction, selection of the informative genes 
and construction of a class predictor, initial 
evaluation of class prediction by cross-validation, 
and final evaluation by testing in an independent 
data set.    

The Methods 
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Neighborhood Analysis. The class distinction is represented by an 'idealized expression pattern c, in which the 
expression level is uniformly high in class 1 and uniformly low in class 2. Each gene is represented by an expression 
vector, consisting of its expression level in each of the tumor samples. In the figure, the dataset consists of 12 samples 
comprised of 6 AMLs and 6 ALLs. Gene g1 is well correlated with the class distinction, while g2 is poorly correlated. 
Neighborhood analysis involves counting the number of genes having various levels of correlation with c. The results 
are compared to the corresponding distribution obtained for random idealized expression patterns c*, obtained by 
randomly permuting the coordinates of c. An unusually high density of genes indicates that there are many more genes 
correlated with the pattern than expected by chance. The precise measure of distance and other methodological 
details are described in notes (16,17) and on our web site. 	


Supervised Analysis 
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 The prediction of a new sample is based on 'weighted votes' of a set of informative genes. Each such gene gi votes for 
either AML or ALL, depending on whether its expression level x_i in the sample is closer to mu_AML or mu_ALL 
(which denote, respectively, the mean expression levels of AML and ALL in a set of reference samples). The magnitude 
of the vote is w_i v_i, where w_i is a weighting factor that reflects how well the gene is correlated with the class 
distinction and v_i = |x_i - (mu_AML + mu_ALL)/2| reflects the deviation of the expression level in the sample from 
the average of mu_AML and mu_ALL. The votes for each class are summed to obtain total votes V_AML and V_ALL. 
The sample is assigned to the class with the higher vote total, provided that the prediction strength exceeds a 
predetermined threshold. The prediction strength reflects the margin of victory and is defined as (V_win-V_lose)/
(V_win+V_lose), where as V_win and V_lose are the respective vote totals for the winning and losing classes. 
Methodological details are described in the paper (notes 19,20). 	


Prediction 
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Prediction strengths. The scatterplots show the prediction strengths (PS) for the samples in cross-validation (left) and 
on the independent sample (right). Median PS is denoted by a horizontal line. Predictions with PS below 0.3 are 
considered as uncertain.  

Testing 
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 Genes distinguishing ALL from AML. The 50 genes 
most highly correlated with the ALL/AML class 
distinction are shown. Each row corresponds to a gene, 
with the columns corresponding to expression levels in 
different samples. Expression levels for each gene are 
normalized across the samples such that the mean is 0 
and the standard deviation is 1. Expression levels 
greater than the mean are shaded in red, and those 
below the mean are shaded in blue. The scale indicates 
standard deviations above or below the mean. The top 
panel shows genes highly expressed in ALL, the bottom 
panel shows genes more highly expressed in AML. 
Note that while these genes as a group appear 
correlated with class, no single gene is uniformly 
expressed across the class, illustrating the value of a 
multi-gene prediction method.  

Results 
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Outline 
•  What can we do with high throughput gene 

expression data? 
•  Profiling and comparative studies  
•  Machine learning approaches – biomarker discovery 
•  Correlation analysis – gene function prediction using 

co-expression 
•  Network analysis – network biomarkers 
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Gene Co-Expression 

http://www.ncbi.nlm.nih.gov/pubmed/17922014 
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•  Correlated gene expression profiles 
•  Both positive and negative correlation 

•  Why do genes co-express?  
•  Functional reasons?  
•  Mechanistic reasons?  
•  Genetic reasons? 

Gene Co-Expression 



42 

Gene Co-Expression 
•  Genes co-express with multiple “anchor” genes 
•  Anchor genes were selected from BRCA1 pathways  
•  Goal – using co-expression relationships to identify new 

breast cancer genes 
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Gene Co-Expression 

HMMR  siRNA  

•  HMMR was ranked highest 

•  Experimental validation – siRNA silencing of HMMR led to 
similar phenotypes in HeLa and breast cancer cells as 
knockout of BRCA1 – multiple centrosomes 

•  GWAS study (using CGEMS data) showed that certain 
mutation on HMMR is associated with increased breast 
cancer risk 
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Outline 
•  What can we do with high throughput gene 

expression data? 
•  Profiling and comparative studies  
•  Machine learning approaches – biomarker discovery 
•  Correlation analysis – gene function prediction using 

co-expression 
•  Network analysis – network biomarkers 
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Integrative Genomics – Multiple Phenotypes 
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Microarray Data + Protein Interaction Networks 

•  Systems approach 
•  Instead of “which genes changed” to “which part of the network 

is perturbed?” 
•  “Network-based classification of breast cancer 

metastasis.” (Chung et al, Mol. Sys. Bio., 2007) 
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Microarray Data + Protein Interaction Networks 
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•  Defining gene network “activity” score 
•  Correlate the activity score with different disease conditions 

(e.g., metastasis vs non-metastasis) 
•  Network mining – a greedy approach 

Microarray Data + Protein Interaction Networks 
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Statistical evaluation of the identified gene modules based on 
random permutations 

Microarray Data + Protein Interaction Networks 
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Marker reproducibility and metastasis prediction performance.  

Han‐Yu Chuang et al. Mol Syst Biol 2007;3:140 
©2007 by European Molecular Biology Organization 

Microarray Data + Protein Interaction Networks 
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Outline 
•  What can we do with high throughput gene 

expression data? 
•  Profiling and comparative studies  
•  Machine learning approaches – biomarker discovery 
•  Correlation analysis – gene function prediction using 

co-expression 
•  Network analysis – network biomarkers 
•  Genomic variants – the drivers 
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Iden%fying	  a	  causa%ve	  de	  novo	  muta%on	  	  

Patient with 
idiopathic 
disorder 

Veltman and colleagues - Nat Genet. 2010 Dec;42(12):1109-12 

(1) Sequence 
genome 

(2) Select only 
coding mutations 

(3) Exclude 
known variants 
seen in healthy 

people 

(4) Sequence 
parents and 
exclude their 

private variants 

For 6/9 patients, 
they were able to 
identify a single 
likely-causative 

mutation 

(5) Look at 
affected gene 
function and  

mutational impact 

~22,000 variants  
(exome re-sequencing) 

MSGTCASTTR 
MSGTNASTTR 

~5,640 coding variants  

~143 novel 
coding variants  

~5 de novo 
novel coding 

variants  
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DREAM 9.5 contest	
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Causes - 
http://media.journalinteractive.com/documents/
dna2gr.pdf 
 

Synopsis - 
http://www.jsonline.com/news/health/112248249.html 
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The End 
 
Next – Dr. Parvin’s Lecture on Sequencing T 
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