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Microarray Life Cycle
Biological Questions
1. differentially expressed genes
2. relationships between gene, tissues or treatments
3. classification of tissues and samples

Experimental Design
1. design
2. sample size and power
…

Microarray Experiments
1. target preparation
2. hybridization
3. washing
4. image acquisition
…

Preprocessing
1. image analysis
2. quantify expression
3. quality assessment
4. normalization
…

Statistical Analysis
1. estimation

2. testing
3. clustering

4. classification
5. gene network

...

Biological Verification
and Interpretation

1. RT-PCR
...

gene filtering
missing values
...

Domain 
knowledge
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 Data Preprocessing: image processing, 
normalization

 Gene Filtering, Missing Values Imputation 

 Finding Differential Expressed Genes

 Visualization (including dimension reduction)

 Clustering

 Classification

 ...

Basic Statistical Issues
4/61



 Experimental Design

 Time Course Microarray Experiments

 Gene Regulatory Networks/Pathway

 Annotations/Databases

 Comparisons, Sample Size, Dye Swap, Replicates, …

 Web Resource, Software Design

 ...

Advance Statistical Issues
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Recent Progress 

 Incorporating biological knowledge into analysis.

 Meta-analysis: pooling

 Well-curated publicly data set.

 Quality-control assessment.

 Development of standardized testing platforms (e.g., AffyComp).

 Gene set analysis (GSA)
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Recent Progress 

Ref: Avak Kahvejian, John Quackenbush & John F 
Thompson, 2008,  What would you do if you could 
sequence everything? Nature Biotechnology 26, 
1125 - 1133
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Finding Differential 

Expressed Genes (DEGs)
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Finding Differentially Expressed Genes

Paired-sample 
(dependent)

More than two samples

Two-sample (independent )

ranking

p-values or Statistics

above some level

fix number
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Paired Data: Breast Cancer 
Dataset

cDNA Microarrays Data:
 #Samples: 20 breast cancer patients, 

before and after a 16 week course of 
doxorubicin chemotherapy

 #Genes: 9216 genes.

Perou CM, et al, (2000), Molecular portraits of human breast tumours. Nature 406:747-752. 
Stanford Microarray Database: http://genome-www.stanford.edu/breast_cancer/molecularportraits/

9216 x 20

log ratio

Paired Data: 
 Two measurements from each patient, one before treatment and 

one after treatment.

Interests:
 the difference between the two measurements (the log ratio).
 whether a gene has been up-regulated or down-regulated in breast 

cancer following that treatment. 

reference
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Unpaired Data: Leukemia 
Dataset

Affymetrix Microarray Data
 #Samples: Bone marrow

 #ALL (acute lymphoblastic leukemia): 
27 patients (急性淋巴細胞白血病)

 #AML (acute myeloid leukemia): 
11 patients (急性骨髓性白血病) 

 #Genes: 7070 genes. 

Golub, T.R et al. (1999) Molecular classification of cancer: class discovery and class prediction by gene expression monitoring. Science 
286, 531--537. 
Cancer Genomics Program at Whitehead Institute for Genome Research 
http://www.broad.mit.edu/cgi-bin/cancer/datasets.cgi

7070 x (27+11)
Unpaired Data:

 Two groups of patients (ALL, AML).

Interests:
 To identify the genes that are up- or down-regulated in ALL relative to AML. 

 (i.e., differentially expressed between the two groups.)
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Fold-Change Method (1)

Fold-Change

experimental control

1) Calculate fold-change.

2) Rank the genes. 

3) Select genes.

For one gene
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Fold-Change Method (2) 
Method 1: Select genes based on Numbers
 average differential expression > FC.

Problems:
 FC is an arbitrary threshold. 

 FC does not take into account individuals and sample size.

Example:
 s2 (200) close to BG (100), the difference could represent noise. 

 credible: a gene is regulated 2-fold with 10000, 5000 units. 
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Fold-Change Method (3)
Method 2: Select genes based on %
 Choose 5% of genes that have the largest expression 

ratios. 

Problems: 
 Possible that no genes have statistically significantly

different gene expression. 
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Hypothesis Testing

H0:  No differential expressed.

H0: no difference in the mean gene expression in the group tested.

H0: The gene will have equal means across every group.

H0: μ1= μ2= μ3= μ4= μ5 (…= μn)

Statistical FormulationBiological Question

null hypothesis:
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The p-values
p-values

 Probability of false positives (Reject H0 | H0 true).
 Probability of observing your data under the assumption that the null 

hypothesis is true.
 p-value = 0.03: only a 3% chance of drawing the sample if the null 

hypothesis was true. 

Decision Rule
 Reject H0 if p-value is less than alpha.
 P < 0.05 commonly used. (Reject H0, the test is significant)
 The lower the p-value, the more significant.

Use p-value to select genes
 Select differentially expressed genes based on their p-value (not FC). 

 The smaller the p-value, the less likely it is that the observed data have 
occurred by chance, and the more significant the result.
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One Sample t-test

Question
 whether a gene is differentially 

expressed for a condition with 

respect to baseline expression? 

 H0: μ=0 (log ratio)

17/61



Two Sample t-test (Unpaired)

metallothionein IB 
 The gene metallothionein IB is 

on the Affymetrix array used for 
the leukemia data. 

Two-sample t-test
 t=-3.4177, p=0.0016.

Conclusion
 the expression of 

metallothionein IB is 
significantly higher in AML than 
in ALL at the 1% level. 

Applied to a Gene From
Leukemia Dataset
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Two Sample t-test (Paired)

ACAT2
 The gene acetyl-Coenzyme A 

acetyltransferase 2 (ACAT2) 
is on the microarray used for 
the breast cancer data.

Paired t-test
 t=3.22.  (two-tailed)
 p-value = 0.0045,  which is 

significant at a 1% confidence 
level.

Conclusion
 ACAT2 has been significantly 

down-regulated following 
chemotherapy at the 1% level. 

Applied to a gene From 
Breast Cancer Data
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Assumptions of t-test
Be Normal

 paired t-test, 
the distribution of the subtracted data that must be normal. 

 unpaired t-test, 
the distribution of both data sets must be normal.

How to Detect Normality
 Plots: Histogram, Density Plot, QQplot,…

 Test for Normality:  Jarque-Bera test, Lilliefors test, Kolmogorov-
Smirnov test.

Homogeneous
 the variances of the two population are equal.

 Test for equality of the two variances: Variance ratio F-test.
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Other t-Statistics for Microarray 
Data

Lonnstedt, I. and Speed, T.P. Replicated microarray 
data. Statistica Sinica , 12: 31-46, 2002 
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Significance Analysis of 

Microarrays

(SAM)
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SAM: Significance Analysis of 
Microarrays

Tusher VG, Tibshirani R, Chu G.(2001). Significance analysis of microarrays applied to the ionizing radiation response. Proc 
Natl Acad Sci 98(9):5116-21.

http://www-stat.stanford.edu/~tibs/SAM/
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SAM: Response Type 

SAM Users guide and technical document
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SAM: Significance Analysis of 
Microarrays

order 
statistics

SortCalculation

Make variation in d(i) similar across
genes of all intensity levels

large positive difference

large negative difference
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SAM: Expected Test Statistics

Permutation
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SAM Plot

vs

Points for genes with
evidence of induction

Points for genes with
evidence of repression
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Gene Set Enrichment 

Analysis 

(GSEA)
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Gene Sets
 Whether some functionally predefined classes of genes 

are differentially expressed?

 A gene set (a gene class)
 a group of genes with related functions.
 sets of genes or pathways, for their association with a 

phenotype.
 identified from a prior biological knowledge.
 may better reflect the true underlying biology.
 may be more appropriate units for analysis.

 Examples: metabolic pathway, protein complex, or GO 
(gene ontology) category. 

 Various database: BioCarta, KEGG, Gene Ontology
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Gene Set Analysis
 A statistical test to determine significance of a gene class

is referred to as gene class testing (GCT) or gene set 
analysis (GSA). 

 The common approach to the GSA is first to identify a list of 
genes that express differently among two groups of samples. 

 The list of differentially expressed genes is then examined with 
biologically pre-defined gene sets to determine whether any 
set is overrepresented in the list compared with the whole list.

 GSA is becoming a powerful alternative to individual-gene 
analysis.
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Literature Review
 Global Test (global model with random effects): Goeman et al., 2004
 ANCOVA Global Test: Mansmann and Meister, 2005
 GSEA: Subramanian et al., 2005
 Principal component analysis (PCA): Kong et al., 2006
 Significance analysis of microarray for gene sets (SAM-GS): Dinu et al., 2007
 Gene list analysis with prediction accuracy (GLAPA): Maglietta et al., 2007
 Maxmean: Efron and Tibshirani, 2007
 exSAM-GS: Adewale et al. 2008
 Multivariate analysis of variance test (MANOVA, modified Hotelling’s T2): 

Tsai and Chen, 2009
 Linear combination Test (LCT): Wang, Dinu, Liu and Yasui, 2011

 Review: Allison et al. 2006, Goeman and Buhlmann 2007, Nam and Kim 2008.
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Gene Set Enrichment Analysis (GSEA)
GSEA (Subramanian et al., PNAS, 2005)
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Step 1: Enrichment Score (ES)

ES(S) > 0: gene set enrichment at the top of the ranked list.
ES(S) < 0: gene set enrichment at the bottom of the ranked list.
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Enrichment Plot

• If p=0 

ES(S) = Kolmogorov-Smirnov statistic.

• Set p=1.
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Step 2: Estimating Significance
Assess the significance of an observed ES by comparing it with the 
set of score Esnull computed with randomly assigned phonotype.

- For positive ES
- For negative ES
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Step 3: Multiple Hypothesis 
Testing

Population

X: false positive gene
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Step 3: Multiple Hypothesis 
Testing
 When an entire database of gene sets is evaluated, we 

adjust the estimated significance level to account for 
multiple hypothesis testing.
 Normalize ES for each gene set to account for the size of the 

set (NES).

 Control the proportion of false positives by calculating the false 
discovery rate (FDR) corresponding to each NES. 

 FDR 
 It is the estimated probability that a set with a given NES 

represents a false positive finding. 

 it is computed by comparing the tails of the observed and null
distributions for the NES.
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GSEA Software
38/61



Downloads (register first!)
User Guide: http://www.broadinstitute.org/gsea/doc/GSEAUserGuideFrame.html
Quick Tour: http://www.broadinstitute.org/gsea/doc/desktop_tutorial.jsp
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Molecular Signatures database 
(MsigDB)
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Example Datasets
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P53 Status in Cancer Cell Lines
 NCI-60 collection of cancer cell lines.

 Past usage: to identify targets of the transcription factor p53, which 
regulates gene expression in response to various signals of cellular 
stress.

 The mutational status of the p53 gene has been reported for 55 of the 
NCI-60 cell lines: 17 normal, and 33 mutations.

GSEA: to identify functional gene sets (C2) 
correlated with p53 status.
 (p53+ > p53-): five gene sets.
 (p53- > p53+): one sig. gene set + two 

gene sets.

LES: (p53- > p53+) whether three gene sets 
reflect a common biological function.
 resulting 16, 11, 13 genes.
 4 gene in common: MAPK pathway.
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Input for GSEA (1)
Demo Dataset: Transcriptional profiles from p53+ and p53 mutant cancer cell lines 

P53_hgu95av2.gct

P53.cls

…

P53_collapsed_symbols.gct
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Input for GSEA (2) 

c1.symbols.gmt

c2.symbols.gmt
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Launch GSEA
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Load Data

1
2

3
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Explore Inputs

1

47/61



Run GSEA

1

2

34
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Required Fields
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Report
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Interpretation
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Enrichment plot
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Hits
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Heat Map for Hits

CHR11Q13 : Blue-Pink O' Gram in the Space of the Analyzed GeneSet
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Gene Set Null Distribution of ES

CHR11Q13: Random ES distribution. 
Gene set null distribution of ES for CHR11Q13

55/61



Detailed Enrichment Results
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Gene Markers for 
the MUT versus WT Comparison

…
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Heat Map and Gene Correlation

Fig 2: Ranked Gene List Correlation Profile    
Ranked list correlations for 
P53_hgu95av2_collapsed_to_symbols

Heat Map of the top 50 features for each phenotype in 
P53_hgu95av2_collapsed_to_symbols
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Global Statistics and Plots

Plot of p-values vs. NES Global ES histogram
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Running the Leading Edge 
Analysis

1
2

3

4

c2.symbols.gmt
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Results

Heat Map: 
the leading edge subsets

Set-to-Set: 
the overlap between subsets: 

the darker the color, the greater the overlap.

Gene in Subsets:
the number of subsets in which 

each gene appears

Jacquard: 
the intersection(LES pair)/union(LES pair)

Number of occurrences: 
the number of LES pairs in a particular bin.
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