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TWO-SAMPLE COMPARISONS

GENERAL OVERVIEW OF TWO-SAMPLE TESTS

EXAMPLES OF MICROARRAY EXPERIMENTS
Single-slide methods
Two-slide experiments
Replicate slides 

ALTERNATIVE APPROACHES 
AND ADDITIONAL TOPICS

TWO-SAMPLE TESTS *

WilcoxonPaired t-testRelated samples

Mann-Whitney
(or Wilcoxon-Mann-Whitney)

t-testIndependent samples

Nonparametric
Parametric 

(Normal assumptions)

* Here we are interested on comparing the location of two

distributions (such as mean, median, ranks, etc.). In 

other situations we may want to compare two proportions,

variances, skewness, etc.
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TWO-SAMPLE TESTS

There are some alternative approaches between 
Gaussian-based and nonparametric methods, such as the 
generalized linear models (McCullagh and Nelder, 1989; 
Tempelman, 1998) or methods employing thick-tailed (Liu, 
1996; Stranden and Gianola, 1999; Rosa, 1999) and/or 
skewed distributions (Fernandez and Steel, 1998; von Rohr 
and Ina, 2002), among others.

The sampling-based methods (such as the Bootstrap and 
Permutation test) are useful and flexible alternatives to the 
nonparametric methods as well (Efron and Tibshirani, 
1998). To be discussed later.

Note:

THE TWO-SAMPLE t-TEST

The case of equal variances
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CRITICAL REGIONS AND P-VALUES

If ti > tα Gene i differentially expressed

i
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Note: If two-sided test, compare |ti| with tα/2. 

THE TWO-SAMPLE t-TEST

COMMENT: This t-test is equivalent to a one-way

two-sample ANOVA (F test)
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THE TWO-SAMPLE t-TEST

COMMENT: If , the t-test becomes:
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THE TWO-SAMPLE t-TEST

COMMENTS: Testing for equal variances.

2
2

2
11

2
2

2
10   :H        vs.  :H σ≠σσ=σ

)rdenominato d.f. numerator; d.f.(2
2

2
1

2
2

2
1 F~

]s,smin[
]s,smax[F =



5

EXAMPLE and SAS CODE

Alternative: ANALYST

---5.74

5.825.94

5.775.91

5.485.62

5.495.57

5.445.71

T2T1

RESULTS
ANALYST

PROC TTEST
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THE PAIRED t-TEST

before/after; left/right; twins, etc.

211210   :H        vs.  :H µ≠µµ=µ
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RESULTS

ANALYST

PROC TTEST

THE PAIRED t-TEST

COMMENT: This t-test is equivalent to a two-sample 

RBD ANOVA (F test)
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THE PAIRED t-TEST

Use:
)1n(2

d

t~

n
s

cdt −
−=

COMMENT:

cd  :H        vs.cd  :H 10 ≠=If you wish to test:

NONPARAMETRIC METHODS

Note: The t-tests (paired or unpaired; homogeneous or 
heterogeneous variances) are base on normality 

assumptions. If the data are not well approximated by a 
normal distribution, the t-test may not be appropriate.

THE MANN-WHITNEY TEST
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THE MANN-WHITNEY TEST

(Normal approximation for U)
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Alternative: ANALYST
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RESULTS

THE WILCOXON TEST
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…

1   (r2)
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Rank of difference

Place on each rj the same sign of its corresponding dj

Sort the absolute 
values of differences

Independently 
from sign (+ or -)

Calculate T = Sum of positives (or negatives) values [consider the smaller T] 

Obtain p-value from appropriate tables 
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THE WILCOXON TEST

(Normal approximation for T)
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T = 4.0 (P < 0.01)
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SAMPLING-BASED TECHNIQUES

THE PERMUTATION TEST

The basic idea is attractively simple and free of 

mathematical assumptions

There is a close connection with Bootstrap 

(to be discussed later) case of equal variances

Suppose:

Experiment

y22y12

……

y2 ± s2y1 ± s1

y2n2y1n1

y21y11

Trt 2Trt 1

GF  :H        vs.GF  :H 10 ≠=

From distribution F

From distribution G
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THE PERMUTATION TEST

Combine the n1 + n2 observations 

Take a sample of size n1 without replacement 

(to represent the Group C) 

The remaining n2 observations constitute the Group T

Compute the value of t (call it ti) and repeat the process 

a large number (B) of times 

P-value: p = Σ I(t(i)≥ t*)/B

Define the statistics (e.g.                ) and calculate 

its value for the data set (call it t*) 
se

yyt 21 −=

THE PERMUTATION TEST

Experiment

y22y12

……

y2 ± s2y1 ± s1

y2n2y1n1

y21y11

Trt 2Trt 1

se
yy*t 21 −=

t(1) < t(2) < … < t(B)

P-value: p = Σ I(t(i)≥ t*)/B

…

y2 ± s2y1 ± s1

y11y2n2

……

y22y21

y1n1y12

‘T2’‘T1’

y2 ± s2y1 ± s1

y2n2y12

……

y1n1y11

y22y21

‘T2’‘T1’

y2 ± s2y1 ± s1

y2n2y21

……

y22y12

y11y1n1

‘T2’‘T1’

Permutation 1 Permutation 2 Permutation B
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THE BOOTSTRAP

The Bootstrap tests are more widely applicable

though less accurate than the permutation test

Extremely useful for computing standard

errors and confidence intervals

Suppose:

Experiment

y22y12

……

y2 ± s2y1 ± s1

y2n2y1n1

y21y11

Trt 2Trt 1

GF  :H        vs.GF  :H 10 ≠=

From distribution F

From distribution G

THE BOOTSTRAP

Draw B samples of size n1 + n2 with replacement 

The first n1 observations constitute the Group C

The remaining n2 observations constitute the Group T

Compute the value of t (call it ti) and repeat the process 

a large number (B) of times 

P-value: p = Σ I(t(i)≥ t*)/B

Define the statistics (e.g.                ) and calculate 

its value for the data set (call it t*) 
se

yyt 21 −=
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EXAMPLES OF TWO-SAMPLE
MICROARRAY EXPERIMENTS

SINGLE-SLIDE MICROARRAY
EXPERIMENTS

Two mRNA samples: Treatment (T) and Control (C)

Cy3 (G): mRNA Control sample

Cy5 (R): mRNA Treatment sample

(R,G)
R/G (expression ratio)

R×G (overall transcript abundance)
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SINGLE-SLIDE METHODS

Schena et al. (1995):

Normalization using spiked controls

“Significance”: R/G ≥ 5 or R/G ≤ 0.2 (fold change)

DeRisi et al. (1996):

Normalization based on “housekeeping” genes

“Significance” cutoff: ± 3 standard deviations (log scale)

Chen et al. (1997):

Data dependent rule for choosing cutoffs for R/G

Rule  based on distributional assumptions for (R,G),
including normality and constant CV.

SINGLE-SLIDE METHODS

Sapir and Churchill (2000):

Newton et al. (2001):

Hierarchical (Gamma-Gamma-Bernoulli) model for (R,G)

Posterior odds of change as functions of (R+G) and RG 
(taking into account overall transcript abundance)

Hughes et al. (2000):

Background correction

Normalization using robust regression of LogR vs LogG

Posterior probabilities of change using a mixture 
model for log(R/G)

Assumption that R and G                   ;),(~ 2
.

ii

ind
N σµ )(2

ii f µ=σ
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Single-slide Methods: Model dependent rule with 
cutoffs in the (LogR, LogG)-plane

MA-plot with contours:

Newton et al. (2001)
(odds: 1:1, 10:1, 100:1)

Chen et al. (1997)
(95% and 99% conf.)

Sapir, Churchill (2000)
(90, 95, 99% post. prob.)

The points corresponding to genes adjusted p-value less 
than 0.05 (based on data from 16 slides) are colored in 

green (negative t-stat.) and red (positive t-stat.).

Adapted from Yang and Speed (2003)

TWO-SLIDE EXPERIMENTS

• For each gene (spot), take log2A and log2B 
(and log2R, if common reference)

Dye-swap: mRNA samples A and B

Common reference: R

Notation:

A

B

A

BB

R

A

R

• φ = α - β, where φ is the differential expression,
α = E[log2A], and β = E[log2B]  across slides.

• σ2 = Var[log2(A/B)]: constant variance across slides
and samples (log ratio)
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TWO-SLIDE EXPERIMENTS

Dye-swap: mRNA samples A and B

Common reference: R

Direct estimate of φ:





 +=φ

'B
'Alog

B
Alog

2
1ˆ

22D 2
)ˆ(Var

2

D
σ=φand

Indirect estimate of φ:

R
Blog

R
Alogˆ

22I +=φ 2
I 2)ˆ(Var σ=φand

REPLICATE SLIDE EXPERIMENTS

• Equal variability assumed across genes

Classical approaches 
(identifying differentially expressed genes)

• n replicate hybridizations between samples A and B

• For each gene, we can compute and s2 using the 
n log-ratios M = log2(A/B)

M

(c = threshold)c |M| ≥

Problems: n quite small (outliers have large effect,
s2 may be very small by chance)

• Gene-specific variances across slides

t-based statistics:      ; |t| for two-sided testss/M nt =

Suggestion: truncation of small std errors (e.g. 1%)



19

Efron et al. (2000):

• Empirical Bayes approach

sa
Mnt

+
=  *

something midway between a 
common and a gene specific 

standard error

E.g.: 90th percentile  
of standard deviations

Data from all genes are combined into estimates of 
a prior distribution

These parameters are then combined at the gene 
level with mean and standard deviation to form a 
statistic B (Bayes log posterior odds)

Lönnstedt and Speed (2001):

REPLICATE SLIDE METHODS

REPLICATE SLIDE METHODS

• Robust models to estimate φ, to attenuate the effect
of outliers

Robust Models:

• Tests based on ranks, for example
(small sample sizes; discrete distribution of p-values)

Nonparametric Approaches:

• Background + foreground components
(for R and G intensities)

Mixture Models:

• Differentially expressed + remainder genes distributions
for log ratios

• Mixture distribution for p-values (Uniform + Beta)
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REPLICATE SLIDE METHODS

• ANOVA (fixed-effects) models (Kerr et al., 2000)

• Mixed-effects models (Wolfinger et al., 2001)

Models including terms for slide, dye, gene, treatment 
(experimental group) and some interactions

Linear Models:

Error Models (Ideker et al., 2000):

• Likelihood ratio test for the hypothesis µT = µC for each gene

• Alternatives: Roberts et al. (2000), Rocke and Durbin (2001),
Theilhaber et al. (2001), Baggerly et al. (2001)
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REPLICATE SLIDE METHODS

t-statistic:

Indirect Comparisons (Common reference R):

B

R

A

R

A

R

A

R

B

R

B

R

… …

1         2               nA 1         2 nB… …

BAp

BA

n/1n/1s
MMt
+

−=

• The same problems are found here, and the same
suggestions are given:

Modify sp or use robust variants of and t.BA MM −

pooled std deviation
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Graphical Visualization of Results
• Important features of the genes can be found examining
graphical representations of the results, such as p-values,
t-statistics, their numerators and denominators.

• Informal determination of cutoffs for declaring
differentially expressed genes.

• Ranking genes by sets of statistics.

Example
Volcano Plot: -log(p-values) 

against M (log ratio)

Example

Plots of t-statistics, numerator, and denominator, against 
overall intensity. The points corresponding to genes with 

adjusted p-value less than 0.01 are colored in green.
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