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Scope of the discussion

! Can conduct a variety of quantitative MS-based experiments
" reÞned experimental workßows

" state-of-the-art signal processing tools

! Stochastic variation and uncertainty are unavoidable
" natural variation in protein abundance between individuals

" variation in sampling handling, storage, processing

" variation in the spectra, and uncertainty in their interpretation

! Goals of statistical reasoning:
" design unbiased and efÞcient experiments

" derive objective conclusions regarding the unknowns

# in presence of stochastic variation and uncertainty  
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Outline
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! LC-MS proteomics: a case study of coronary artery disease

" Framing the question

" Experimental design

" Statistical analysis

# methods

# evaluation

" Enrichment of pre-deÞned sets in differential abundance

! Extensions

" Planning future studies with LC-MS workßows

" Design and analysis with labeling workßows
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Motivating example: 
a case study of coronary artery disease
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! Collection of plasma samples of 3290 disease subjects and 
controls
" treated at the Munich Heart Center between 2005 and 2006

" collected at single time point at diagnosis

" recorded clinical characteristics

! Focus on 5 disease groups 
" STEMI, NSTEMI, unstable angina, stable angina, controls

! General goal: an initial quantitative LC-MS screening
" select a subset of plasma samples

" examine protein proÞles

" a follow-up study will focus on a subset of proteins and disease 
groups
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! LC-MS proteomics: a case study of coronary artery disease

" Framing the question

" Experimental design

" Statistical analysis

# methods

# evaluation

" Enrichment of pre-deÞned sets in differential abundance

! Extensions

" Planning future studies with LC-MS workßows

" Design and analysis with labeling workßows



Here is how a statistician views
the coronary artery disease experiment
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Here is how a statistician views
the coronary artery disease experiment
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Here is how a statistician views
the coronary artery disease experiment
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Statistical goal 1: Testing
Compare mean protein abundances in the underlying populations
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Goal 1:
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experiments



Statistical goal 2: Testing
Compare mean protein abundances in the selected patients
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Statistical goal 3: QuantiÞcation
Quantify protein abundance in each patient
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Quantify  
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of each individual patient 
Used as input for

downstream analysis
(e.g. clustering/
classification)

Goal 3:
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! LC-MS proteomics: a case study of coronary artery disease

" Framing the question

" Experimental design

" Statistical analysis

# methods

# evaluation

" Enrichment of pre-deÞned sets in differential abundance

! Extensions

" Planning future studies with LC-MS workßows

" Design and analysis with labeling workßows



Here is how a statistician proceeds to achieve the goals
(and what can go wrong)
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Dangers:

Bias: observed differences systematically 
deviate from the true differences

InefÞciency: large  

Observed Systematic Random deviation
feature = mean signal + due to all sources

intensity of disease group of variation

yij = Group mean i + Error j ( i )

! N
`
0, ! 2«

Observed Systematic Random Random Random
feature = mean signal + deviation due to + deviation due to + deviation due to

intensity of disease group individual sample preparation measurement error

y ijkl = Group mean i + Indiv (Group )j ( i ) + Prep (Indiv )k ( ij ) + Error l ( ijk )
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. (1)

Observed Systematic Random deviation Random Random
feature = mean signal + due to block + deviation due to + deviation due to

intensity of disease group (e.g. plate or day) individual measurement error
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A good experimental design 
helps avoid these dangers



Fundamental principle 1: replication
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yij = Group meani + Error j ( i )
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"

1

Required to (1) carry out the inference and (2) minimize the variance

Two levels of randomness imply two types of replication:
" Biological replicates: selecting multiple subjects from the population

" Technical replicates: multiple runs per subject 



Fundamental principle 1: replication
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Required to (1) carry out the inference and (2) minimize the variance

Coronary artery disease experiment:
" Biological replicates: 50 subjects per disease group from the population

" Technical replicates: no technical replication in this case
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Fundamental principle 2: randomization
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= bias
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=  no bias

Required to prevent bias

Two levels of randomness imply two types of randomization:
" Biological replicates: random selection of subjects from the population

" Technical replicates: random allocation of samples to all processing steps  
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Fundamental principle 2: randomization
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Coronary artery disease experiment:
" Biological replicates: randomized selection from the repository

" Technical replicates: random order of samples  
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Fundamental principle 3: blocking

Helps reduce both bias and variance

Block = sets of 
samples or runs
that are more 

similar to each other 

Complete randomization 
=  inßated variance

Block-randomization  
= restriction on randomization

= systematic allocation
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Figure 3: (a) Sequential acquisition creates a confounding e! ect: the di! erence in group means
can be due to both di! erences between groups and di! erences between days. (b) Complete ran-
domization removes the confounding e! ect. The variance within each group is now a combination
of the biological di! erence and of the day-to-day variation. (c) Paired design uses day as a block of
size 2. The design allows one to compare di! erences between individuals from two groups within a
block.

Observed Systematic Random deviation
feature = mean signal + due to all sources

intensity of disease group of variation

yij = Group meani + Error j ( i )

! N
!
0, ! 2

"

Figure 4: Statistical model for a completely randomized design with a single mass spectrum
replicate per patient. i indicates the index of a disease group, andj (i ) the index of a patient within
the group. All Error j (i ) are assumed independent.

Observed Systematic Random Random Random
feature = mean signal + deviation due to + deviation due to + deviation due to

intensity of disease group individual sample preparation measurement error

yijkl = Group meani + Indiv (Group)j ( i ) + P rep(Indiv )k ( ij ) + Error l ( ijk )

! N
!
0, ! 2

Indiv

"
! N

!
0, ! 2

P rep

"
! N

!
0, ! 2

Error

"

Figure 5: Statistical model for a mixed e! ects analysis of variance (ANOVA). i is the index of
a disease group,j (i ) the index of a patient within the group, k(ij ) is the index of the sample
preparation within the patient, and l(ijk ) is the replicate run. Indiv (Group)j (i ) , P rep(Indiv )k(ij )
and Error l(ijk ) are all independent.

40

Two levels of randomness imply two types of blocks:
" Biological replicates: subjects having similar characteristics (e.g. age)

" Technical replicates: samples processed together (e.g. in a same day)  
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Fundamental principle 3: blocking

Helps reduce both bias and variance

Complete randomization 
=  inßated variance

Block-randomization  
= restriction on randomization

= systematic allocation
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Figure 4: Statistical model for a completely randomized design with a single mass spectrum
replicate per patient. i indicates the index of a disease group, andj (i ) the index of a patient within
the group. All Error j (i ) are assumed independent.
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Figure 5: Statistical model for a mixed e! ects analysis of variance (ANOVA). i is the index of
a disease group,j (i ) the index of a patient within the group, k(ij ) is the index of the sample
preparation within the patient, and l(ijk ) is the replicate run. Indiv (Group)j (i ) , P rep(Indiv )k(ij )
and Error l(ijk ) are all independent.
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Coronary artery disease experiment:
" Biological replicates: block-randomized sample selection 

" Technical replicates: no important blocking factors were anticipated  

Block = sets of 
samples or runs
that are more 

similar to each other 



21Case study: an illustration of block-randomized 
selection of subjects from the repository

Disease group
Control Stable angina Unstable angina NSTEMI STEMI

StratiÞcation

! 58 y.o; Female 354 300 49 39 29
! 58 y.o; Male 701 843 143 86 54

< 58 y.o; Female 80 56 5 5 8
< 58 y.o; Male 264 190 34 23 27

Table 1: Number of serum samples from subjects with coronary artery disease and controls, available for
each combination of age group, gender and disease group.

Disease group
Control Stable angina Unstable angina NSTEMI STEMI

StratiÞcation

! 58 y.o; Female 3 3 3 3 3
! 58 y.o; Male 3 3 3 3 3

< 58 y.o; Female 2 2 2 2 2
< 58 y.o; Male 2 2 2 2 2

Table 2: Number of serum samples selected for the proteomic experiment. Each disease group has the same
number of subjects for each combination of age group and gender.

# of proteins with # of proteins with Total
no detected di ! erence detected di! erence

# true non-di ! . proteins U V m0
# true di ! . proteins T S m1 = m ! m0

Total m ! R R m

Table 3: Outcomes of testing m null hypotheses H 0 : µH = µD simultaneously for m identiÞed proteins. m and m0

are Þxed, andR, S, T , U and V are random. Only m and R are observed.

# of proteins with # of proteins with Total
no detected di ! erence detected di! erence

# of proteins in the set s ! K K s
# of proteins not in the set (m ! s) ! (R ! K ) R ! K m ! s

Total m ! R R m

Table 4: Outcomes of the gene set enrichment analysis (GSEA) for one protein set. m is the total number of proteins
(also called the ÒuniverseÓ), ands is the total number of proteins in the pre-speciÞed set. The Hypergeometric test
is conditional on the number of di ! erentially abundant proteins R. It tests the null hypothesis that the number of
di! erentially abundant proteins in the set K is as expected by random chance, against the alternative hypothesis
that K is larger than as expected by random chance.
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Counts in the initial repository of samples

Counts of subjects included in the study
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! LC-MS proteomics: a case study of coronary artery disease

" Framing the question

" Experimental design

" Statistical analysis

# methods

# evaluation

" Enrichment of pre-deÞned sets in differential abundance

! Extensions

" Planning future studies with LC-MS workßows

" Design and analysis with labeling workßows



Label-free proteomic workßow
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MS/MS spectra Peptides identified from 
high confidence PSMs  

Proteins identified 
from peptides 
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located in runs 
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D Higher level 
analysis 

¥! Machine learning 
¥! Function annotation 
¥! Data integration 

O. Vitek, PLoS Computational Biology, 2009

L. Mueller M.-Y. Brusniak, D.R. Mani, R. Aebersold. J. Proteome Research, 2008



Label-free proteomic workßow
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D Higher level 
analysis 

¥! Machine learning 
¥! Function annotation 
¥! Data integration 

Focus of this part

O. Vitek, PLoS Computational Biology, 2009

L. Mueller M.-Y. Brusniak, D.R. Mani, R. Aebersold. J. Proteome Research, 2008



Study of coronary artery disease: 
summary of the data
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!"

Controls! Stable angina! Unstable angina! NSTEMI!

x! x! x!x! x! É ! x! x! x! x! É ! x! x! x! x! É ! x! x!x! x! É !x! ...! x!Feature 1!
x! x! x!x! x! É ! x! x! x! x! É ! x! x! x! x! É ! x! x!x! x! É !x! É ! x!Feature 2!
x! x! x!x! x! É ! x! x! x! x! É ! x! x! x! x! É ! x! x!x! x! É !x! É ! x!Feature 3!

s1 s3! s48!s2! É ! s1 s3! s49!s2! É !

STEMI!

s1 s3! s50!s2! É ! s1 s3! s49!s2! É ! s1 s3! s50!s2! É !

x!
x!
x!

! LC-MS features mapped to 77 unique ENTREZ ids
" 2-169 features per protein

" no missing data

# integrated background noise for missing features 

! Independent assay measurements
" 11 proteins identiÞed by LC-MS

" al 250 subjects



26How to compare disease groups, 
while using all the features?

Disease group
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Frequently used approach: 

a separate test for each peptide feature

! Disadvantages
" no group level testing; no patient quantiÞcation

" inßated multiple comparisons; correlations

Observed
feature

intensity

= Overall
feature
mean

+ Systematic
deviation due to

disease group

+ Random deviation due to
non-systematic sources of

variation

yijk = µj + Gij + ! ijkP g
i =1 Gij = 0 ! N

`
0, " 2

j

«

Figure 1: Per-feature ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.

! g
i =1 Gij = 0 is an identiÞability constraint that is required for estimation of the model

parameters. ! 2
j is the variance of the measurement error associated with featurej . All random deviations

are independent.

Average
feature

intensity per
subject

= Overall
feature
mean

+ Systematic
deviation due to

disease group

+ Random deviation due
to non-systematic
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Figure 2: Average ANOVA. i is the index of a disease group, andk the index of a subject.
! g

i =1 Gi = 0
is an identiÞability constraint that is required for estimation of the model parameters. ! 2 is the variance of
the measurement error. All random deviations are independent.
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Figure 3: Fixed e! ects ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.

! g
i =1 Gi =

! f
j =1 Fj =

! g
i =1 (G ! F )ij =

! f
j =1 (G ! F )ij = 0 and

! n
k=1 S(G)k( i ) = 0 are

identiÞability constraints that are required for estimation of the model parameters. ! 2 is the variance of the
measurement error. All random deviations are independent.

23

! Extensions
" Empirical Bayes model for the variance (Limma)

! Advantages
" simple

" no assumed relationship between variances of features
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Extension: Empirical Bayes model for the 

variances of peptide features (Limma)
ANOVA-based comparison:

Peptide-speciÞc variance
Reßects the number of data 

points in the feature

Frequency 
over all 
features

xDiab ! xControl

s áconstant
" Studentd

xDiab ! xControl

÷s áconstant
" Student( ÷d)

÷s2 =
d0 ás2

0 + d ás2

d0 + d

÷d = d0 + d

1
s2 "

1
d0 ás2

0
á! 2

d0

1

xDiab ! xControl

s áconstant
" Studentd

xDiab ! xControl

÷s áconstant
" Student( ÷d)

÷s2 =
d0 ás2

0 + d ás2

d0 + d

÷d = d0 + d

1
s2 "

1
d0 ás2

0
á! 2

d0

1

ÒAverage varianceÓ 
estimated over all 

features

ÒAverage degree 
of freedomÓ 

estimated over 
all features

Feature-speciÞc variance estimation can be unstable for small sample size

øyDisease ! øyControl

s áconstant
" Studentd

øyDisease ! øyControl

÷s áconstant
" Student( ÷d)

÷s2 =
d0 ás2

0 + d ás2

d0 + d

÷d = d0 + d

1
s2 "

1
d0 ás2

0
á! 2

d0

1

Smyth, 2005
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Finding differentially abundant features:

moderated test statistic

xDiab − xControl

s áconstant
∼ Studentd

xDiab − xControl

÷s áconstant
∼ Student( ÷d)

÷s2 =
d0 ás2

0 + d ás2

d0 + d

1

xDiab ! xControl

s áconstant
" Studentd

xDiab ! xControl

÷s áconstant
" Student( ÷d)

÷s2 =
d0 ás2

0 + d ás2

d0 + d

÷d = d0 + d

1

Anova-based comparison:

Feature-speciÞc variance
Reßects the number of data 

points in the feature

Moderated Anova-based comparison (Limma, implemented in Corra):

ÒAverage varianceÓ 
estimated over all features

ÒAverage degree of freedomÓ 
estimated over all features

Smyth, 2005

øyDisease ! øyControl

s áconstant
" Studentd

øyDisease ! øyControl

÷s áconstant
" Student( ÷d)

÷s2 =
d0 ás2

0 + d ás2

d0 + d

÷d = d0 + d

1
s2 "

1
d0 ás2

0
á! 2

d0

1

øyDisease ! øyControl

s áconstant
" Studentd

øyDisease ! øyControl

÷s áconstant
" Student( ÷d)

÷s2 =
d0 ás2

0 + d ás2

d0 + d

÷d = d0 + d

1
s2 "

1
d0 ás2

0
á! 2

d0

1



So how many replicates do I need?
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Need to deÞne the error rate:

! False positive rate: the probability to claim a false change

! False discovery rate: the ÒaverageÓ proportion of false changes in 
the list

# of features with # of features with Total
no detected di ! erence detected di ! erence

# true non-di ! . features U V m 0

# true di ! . features T S m 1 = m ! m 0

Total m ! R R m

Table 1: Outcomes of testing m null hypotheses H0 : µH = µD simultaneously for m experimental features,
conditionally on the features detected and quantified by a signal processing procedure. R, S, T , U and V
are random quantities, but only R is observed.

!

"

!

FDR = E
[

V
max (R , 1)

]
. (1)

FPR = E
[

V
m 0

]
. (2)

! ave ! (1 " " )ave áq
1

1 + (1 " q) ám 0/ m 1
, (3)

Var (øyH " øyD ) !
(

!
z1! ! + z1! " / 2

)2

, (4)

where z1! ! and z1! " / 2 are respectively the 100(1 " " )th and the 100(1 " ! / 2)th percentiles of the

standard Normal distribution. The formula can be applied to variances of c

Var (øyH " øyD ) = 2
(

#2
Indiv + #2

Error

I

)
!

(
!

z1! ! + z1! " / 2

)2

(5)
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are random quantities, but only R is observed.

!

"

!

FDR = E
[

V
max (R , 1)

]
. (1)

FPR = E
[

V
m 0

]
. (2)

! ave ! (1 " " )ave áq
1

1 + (1 " q) ám 0/ m 1
, (3)
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" Apply the Benjamini-Hochberg correction to 
the p-values:

 

" p-value cut-o$ corresponds to the FDR

Frequentist approaches to controlling multivariate type I error 7

Procedure

1. Order the p-values
p(1) ! p(2) ! . . . ! p(m ) (10)

2. Starting with the largest p-value, comparep(j ) to a ! j = f (! ! , j ) as follows

p " value p(m ) p(m " 1) . . . p(K +1) p(K ) p(K " 1) . . . p(1)

! m
m ! ! m " 1

m ! ! . . . K +1
m ! ! K

m ! ! K " 1
m ! ! . . . 1

m ! !

p ! ! No No . . . No Yes ? . . . ?

(11)

Once the Þrst statistic is encountered such thatp ! ! , reject that null hypothesiss, and all others with
a lower p-value.

This is equivalent to adjusting each p-value by

÷pj = min
k= j,...,m

!
min

" m
k

p(k ) , 1
#$

(12)

The outer minimization ensures that the order of the p-values is preserved, while the inside minimization
ensures that all p-values remain below 1.

Comments

In 2001, Benjamini and Yekutieli showed that this procedure tolerates positive regression dependence, but
not general dependence. However, they were able to modify it such that it does control the FDR under
general dependence, using

÷pj = min
k= j,...,m

%
min

&
m

' m
t =1 1/t
k

p(k ) , 1
()

(13)

This is generally considered too conservative unless the dependence structure of the data requires it.
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Frequently used approach: 

average all feature abundances of a protein in a run

Observed
feature

intensity

= Overall
feature
mean

+ Systematic
deviation due to

disease group

+ Random deviation due to
non-systematic sources of

variation

yijk = µj + Gij + ! ijkP g
i =1 Gij = 0 ! N

`
0, " 2

j

«

Figure 1: Per-feature ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.

! g
i =1 Gij = 0 is an identiÞability constraint that is required for estimation of the model

parameters. ! 2
j is the variance of the measurement error associated with featurej . All random deviations

are independent.

Average
feature

intensity per
subject

= Overall
feature
mean

+ Systematic
deviation due to

disease group

+ Random deviation due
to non-systematic

sources of variation

øyi ák = µ + Gi + ! ikP g
i =1 Gi = 0 ! N

`
0, " 2«

Figure 2: Average ANOVA. i is the index of a disease group, andk the index of a subject.
! g

i =1 Gi = 0
is an identiÞability constraint that is required for estimation of the model parameters. ! 2 is the variance of
the measurement error. All random deviations are independent.

Systematic deviation due to

Observed
intensity

= Overall
mean

+ disease
group

+ fea-
ture

+ interac-
tion

+ sub-
ject

+ Random
deviation

yijk = µ + Gi + Fj + ( G" F )ij + S(G)k ( i ) + ! ijk

! N
`
0, " 2«

gX

i =1

Gi =
fX

j =1

Fj =
gX

i =1

(G " F )ij =
fX

j =1

(G " F )ij =
nX

k =1

S(G)k ( i ) = 0

Figure 3: Fixed e! ects ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.

! g
i =1 Gi =

! f
j =1 Fj =

! g
i =1 (G ! F )ij =

! f
j =1 (G ! F )ij = 0 and

! n
k=1 S(G)k( i ) = 0 are

identiÞability constraints that are required for estimation of the model parameters. ! 2 is the variance of the
measurement error. All random deviations are independent.
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! Advantages
" group testing and subject quantiÞcation; fewer comparisons

! Disadvantages
" reduces the nominal number of data points

" makes implicit assumptions that are rarely explicitly veriÞed

" equivalent to mixed - effects ANOVA

! Extensions
" Summarization based on Tukey Median Polish (RMA)

" Empirical Bayes model for the variance (Limma)



Mixed-effects ANOVA
32

! Advantages of the ANOVA form
" Þt separately for each protein

" explicitly describes the assumptions

" provides mechanisms to verify and relax these assumptions

" can be used to achieve all the goals of the coronary artery disease 
experiment

Comparing groups with averages over all LC-MS features is 
equivalent to a very speciÞc instance of mixed-effects ANOVA

in absence of missing runs or features Systematic deviation due to Random deviation due to

Observed
intensity

= Overall
mean

+ disease
group

+ feature + interac-
tion

+ subject + error

yijk = µ + Gi + Fj + ( G×F )ij + S(G)k ( i ) + ! ijk

∼ N
`
0, " 2

S

«
∼ N

`
0, " 2«

gX

i =1

Gi =
fX

j =1

Fj =
gX

i =1

(G × F )ij =
fX

j =1

(G × F )ij = 0

Figure 4: Mixed e! ects ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.

! g
i =1 Gi =

! f
j =1 Fj =

! g
i =1 (G ! F )ij =

! f
j =1 (G ! F )ij = 0 are the identiÞability constraints

that are required for estimation of the model paramaters. ! 2
S is the between-subjects variance, and! 2 is the

variance of the measurement error. All random deviations are independent.
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Figure 5: Representative quantitative protein proÞles in the experimental datasets. X-axis: mixture type or
disease group. Y-axis: average log-intensity of a feature, on average over the replicates. Each line represents
a feature. (a) Spike-in dataset: Alcohol dehydrogenase. (b) Clinical dataset: protein 116844.
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Can relax of modify the assumptions of the basic 
effects ANOVA model (= averaging of features)
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Systematic deviation due to Random deviation due to
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Figure 4: Mixed e! ects ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.
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i =1 (G ! F )ij =

! f
j =1 (G ! F )ij = 0 are the identiÞability constraints

that are required for estimation of the model paramaters. ! 2
S is the between-subjects variance, and! 2 is the

variance of the measurement error. All random deviations are independent.
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Figure 5: Representative quantitative protein proÞles in the experimental datasets. X-axis: mixture type or
disease group. Y-axis: average log-intensity of a feature, on average over the replicates. Each line represents
a feature. (a) Spike-in dataset: Alcohol dehydrogenase. (b) Clinical dataset: protein 116844.
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Subject is the 
random effect

In presence of 
technical replicates, 
add the term ÒrunÓ

In some experiments (or 
proteins) features are highly 

consistent, and the interaction 
term is not needed

Allow for peptide-
specific variance

or non-normal 
distribution

Different models can be appropriate for different experiments, or even different 
proteins. Goal: find one that performs well, on average for most proteins.

Can represent more 
complex factorial and 

time course 
experiments



Statistical goal 1: Testing
Compare mean protein abundances in the underlying populations

34

Goal 1:

Healthy population
(i.e. all healthy individuals)

Disease population
(i.e. all disease individuals)

Healthy individuals
in the study

Disease individuals
in the study

Healthy individuals
in the study

Disease individuals
in the study

(b) Noisy measurements

(b) Noisy measurements

(a) Random sample of 

individuals

(a) Random sample of 

individuals

Test Ho:  
mean of all disease patients in 

their population 
= 

mean of all control patients in 
their population

Useful for validation 
experiments



Statistical goal 2: Implies that subjects are Þxed
Compare mean protein abundances in the selected patients
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Healthy population
(i.e. all healthy individuals)

Disease population
(i.e. all disease individuals)

Healthy individuals
in the study

Disease individuals
in the study

Healthy individuals
in the study

Disease individuals
in the study

(b) Noisy measurements

(b) Noisy measurements

(a) Random sample of 

individuals

(a) Random sample of 

individuals

Useful for initial 
screening 

experiments

Goal 2:

Test Ho:  
mean of the selected

disease patients 
= 

mean of the selected 
control patients



Reducing the scope of the inference 
to the subjects selected into the study 
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Observed
feature

intensity

= Overall
feature
mean

+ Systematic
deviation due to

disease group

+ Random deviation due to
non-systematic sources of

variation

yijk = µj + Gij + ! ijkP g
i =1 Gij = 0 ! N

`
0, " 2

j

«

Figure 1: Per-feature ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.

! g
i =1 Gij = 0 is an identiÞability constraint that is required for estimation of the model

parameters. ! 2
j is the variance of the measurement error associated with featurej . All random deviations

are independent.

Average
feature

intensity per
subject

= Overall
feature
mean

+ Systematic
deviation due to

disease group

+ Random deviation due
to non-systematic

sources of variation

øyi ák = µ + Gi + ! ikP g
i =1 Gi = 0 ! N

`
0, " 2«

Figure 2: Average ANOVA. i is the index of a disease group, andk the index of a subject.
! g

i =1 Gi = 0
is an identiÞability constraint that is required for estimation of the model parameters. ! 2 is the variance of
the measurement error. All random deviations are independent.
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Observed
intensity

= Overall
mean
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group

+ fea-
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+ interac-
tion

+ sub-
ject

+ Random
deviation

yijk = µ + Gi + Fj + ( G" F )ij + S(G)k ( i ) + ! ijk
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`
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gX

i =1

Gi =
fX

j =1

Fj =
gX

i =1

(G " F )ij =
fX

j =1

(G " F )ij =
nX

k =1

S(G)k ( i ) = 0

Figure 3: Fixed e! ects ANOVA. i is the index of a disease group,j the index of a feature, andk the index
of a subject.

! g
i =1 Gi =

! f
j =1 Fj =

! g
i =1 (G ! F )ij =

! f
j =1 (G ! F )ij = 0 and

! n
k=1 S(G)k( i ) = 0 are

identiÞability constraints that are required for estimation of the model parameters. ! 2 is the variance of the
measurement error. All random deviations are independent.
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! Advantages
" can produce both group testing and subject quantiÞcation

" most powerful

! Disadvantages
" reduces the scope of inference

! Extensions
" Feature-speciÞc variances

" Empirical Bayes model for the variance (Limma)

Subjects are 
fixed effects



ANOVA can be used  for both testing and quantiÞcation
37

! Use linear combinations of parameters for group testing

! Use linear combinations of parameters for quantiÞcation

individual LC-MS features from the average proÞle due to both biological interferences and experimental
artifacts.

The model also speciÞes the deviation of each subject (i.e., biological replicate, or subject)S(G)k(i) from
the overall group mean, which expresses the fact that some individuals have a higher natural abundance of
the protein than others. Notation S(G)k(i) is read as Òsubject within a groupÓ, indicating that in comparative
experiments, such as this case study, each individual belongs to only one group. A di! erent model, and a
di! erent notation, is necessary in experiments with repeated measurements where groups corresponds to
time points, and multiple samples from the same individual are collected across time. The last term in the
model ! ijk describes the remaining deviations of peak intensity, and is viewed as non-systematic replicates
of a Normally distributed measurement error with constant variance " 2

Error.
The ÒÞxed e! ectsÓ in the model name refers to the fact that the individuals selected for the study are

considered Þxed, and the model limits the scope of our conclusions to these speciÞc individuals. This is
appropriate for an initial screening experiment such as this case study, and has been shown to both increase
the sensitivity and the speciÞcity of testing, and improve the accuracy of subject quantiÞcation(12) , which
we describe in Section 3.2.3 and Section 3.2.4 . A di ! erent Òmixed e! ectsÓ ANOVA model will be
necessary for a validation experiment where individuals in the study are viewed as random instances from
a larger population of subjects, and one would like to extend the scope of the conclusions to the entire
population (12) .

Model Þt. The terms in Figure 2 are estimated from the data separately for each protein, using the
standard least squares procedure(13, 14) available in the statistical software R. Once the model is Þt, we
verify the appropriateness of the assumptions regarding! ijk using residual plots and Normal quantile-quantile
plots.

3.2.3 Model-based testing for di ! erential abundance

Specifying hypotheses of interest. We use the model to compare the mean abundance of a protein across
pairs of disease groups, on average over all subjects and features. For example, if we denoteµ0 the mean
abundance of the protein among controls, andµ1 the mean protein abundance in the Þrst disease group, the
log-fold change is deÞned asL = µ1 ! µ0. We test the null hypothesis H0 : L = µ1 ! µ0 = 0 against the
alternative Ha : L = µ1 ! µ0 "= 0.

Testing. In the notation of Figure 2 , the log-fold change is estimated from the model as

öL = ( öG1 ! öG0) +
1
f

!

"
f#

j=1

( !G # F )1j !
f#

j=1

( !G # F )0j

$

% +
1
n

&
n#

k=1

"S(G)k(1) !
n#

k=1

"S(G)k(0)

'

(1)

where Ò( Ó indicates that these are model-based quantities estimated from the data. Since this experiment has
a balanced design, the model-based estimates oföL simplify to the di ! erence of sample averagesöL = øy1.. ! øy0...
However, in situations where a balanced experiment cannot be achieved (e.g., when some runs or feature
intensities are lost), the model-based estimates will di! er from the averages, and have been shown to be
closer to the true values(12) .

The Þtted model is also used to estimate the standard error oföL (i.e., the estimate of its variation). In
our special case of a balanced design,

SE{ öL} =

)
2

nf
ö" 2

Error (2)

where ö" 2
Error is the estimate of residual variance based ong(f ! 1)(n ! 1) degrees of freedom (i.e., data points

available after Þtting the model). Using these estimates, the null hypothesis is tested with a t-test, which
compares the test statisticts = öL

SE{ öL}
to the Studentg(f ! 1)( n! 1) distribution, and derives the corresponding

p-value. If the p-value of a protein is below a pre-speciÞed cuto! , we reject the null hypotheses. In other
words, we state that the observed di! erence of protein abundance between groups is larger than what would

6

be expected by random chance. In this case study, we perform four sets of t-tests, each set comparing the
abundance of the identiÞed proteins in one of the four disease groups to the controls.

Multiple comparisons. Procedures of statistical inference allow us to select a p-value cuto! in a way to
control the expected error rate in our conclusions. For example, when testing the null hypothesis for a single
protein, the p-value is typically compared to a pre-speciÞed signiÞcance level! , where ! is the probability
of rejecting the null hypothesis given that the null hypothesis is true. Unfortunately, this procedure is only
designed for a single test, and does not control the overall error rate in an experiment such as this case
study, where we perform multiple tests for all the identiÞed proteins. Therefore, we should select a di! erent,
and more conservative, p-value cuto! that controls the experiment-wide error rate. A popular choice is to
control the False Discovery Rate (FDR), i.e., the expected proportion of false rejections in the reported list
of di! erentially abundant proteins.

Table 3 summarizes the possible outcomes of such a procedure in an experiment withm identiÞed
proteins, m0 of which do not di! er in abundance between two groups. R, S, T, U, and V are random
variables that depend on the observed data, but onlyR is actually observed. In the notation of Table 3 ,
the FDR is deÞned as

q = E
!

V
max(R, 1)

"
, (3)

whereE denotes the expected value of the quantity in brackets, i.e., the ÒaverageÓ value over a large number
of repetitions of this experiment.

In this case study, we use the procedure by Benjamini and Hochberg(15) , which controls the FDR at
a desired levelq. First, for each comparison of a disease group to controls, we order thep-values of the
m proteins from the largest p(m ) (i.e., the least signiÞcant) to the smallestp(1) (i.e., the most signiÞcant).
Next, we vary j from m to 1, and deÞne the adjusted p-value ÷pj as in reference(16)

÷pj = min
k= j,...,m

#
min

$ m
k

p(k ) , 1
%&

It can be shown that the list of proteins with adjusted p-values ÷pj below a pre-deÞned cuto! has the FDR
of at most the cuto! .

3.2.4 Model-based protein quantiÞcation in individual samples

In addition to comparing average protein abundances across groups, our goal is to obtain a separate quantiÞ-
cation of the protein in each subject, from all peptide features, and on a continuous scale that is comparable
across runs. We call this proceduresubject quantification. Results of subject quantiÞcation will be subse-
quently used as input to unsupervised clustering or supervised classiÞcation of the samples. The statistical
model in Figure 2 can also be used to perform this task. The model views subject quantiÞcation as es-
timation of the ÒtrueÓ abundance of the protein in each sample from noisy measurements, and helps to
appropriately derive this summary. For example, if we denote öµ1ák as the protein abundance of thekth
subject in the Þrst disease group, its model-based estimation is

öµ1ák = µ + öG1 +
1
f

f'

j =1

öFj +
1
f

f'

j =1

(Ĝ ! F )1j + Ŝ(G)k(1) (4)

As before Ò( Ó indicates that the quantities inEq. (4) are estimated from the data. In the case of a balanced
design, the model-based quantities simplify to sample averages øy1ák . In other experiments where balance
cannot be achieved, the model-based estimates will di! er from sample averages, and they have been shown
to be closer to the true values(12) .

We conÞrm the accuracy of model-based quantiÞcation by means of independent protein quantiÞcation on
the same samples. In this study, 11 proteins were measured independently in all samples using nephelometry.
We therefore calculate 11 Pearson coe" cients of correlation between the model-based quantiÞcations and
the nephelometry-based values.
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! Terms of the model are estimated from the data
" Standard software. E.g., for Þxed effects in R:

4.2.2 Model speciÞcation

To Þt the Þxed e! ects ANOVA model in Section 3.2.2 , we restructure the normalized data into the ÒlongÓ
format. In this format, each row represents a feature intensity within a single run, and columns contain
information on both features and runs. We denote the R implementation of such a data structure as
normalizedLong.data , of type data.frame . In this case study, normalizedLong.data has 1643! 50 =
82150 rows. The Þrst and last three rows of the data structure are shown inTable 5 . NORMLOGINT is the
log-transformed and normalized intensity, of type numeric . The remaining columns are of typefactor .

The formatted data can be used to Þt the model inFigure 2 , separately for each protein, using standard
ANOVA implementations available in R. For example, the model Þt for protein 8542 is obtained using

fit.8542 <- lm( NORM LOGINT ~ GROUP + FEATURE + GROUP:FEATURE + GROUP/PATIENT,
normalizedLong.data[normalizedLong.data$ENTREZ == 8542,] )

summary(fit)

The summary of the model Þt outputs 60 estimated parameters; the names of each are shown in the ÒPa-
rameterÓ column ofTable 7 .

The assumption of Normality of the error terms is visually veriÞed using a Normal quantile-quantile plot,
which can be obtained using

qqnorm( y = fit$residuals, datax = FALSE, ylab = "Residuals" )

An example of the plot for protein 8542 is shown inFigure 3 . Points on the plot form approximately a
straight line, indicating that the assumption is appropriate. The assumption of constant variance of the error
terms is visually veriÞed by plotting, from the Þtted model, the residual versus the predicted value for each
feature intensity. An example of the plot for protein 8542 is shown inFigure 4 . The plot can be obtained
using

plot( fit$fitted.values, fit$residuals, xlab = "Predicted Values", ylab = "Residuals" )

The residuals are distributed roughly equally above and below the horizontal line, and have a similar spread
across the entire range predicted values, indicating that the assumption of constant variance is appropriate
in this case.

The summary also reports the standard errors of the estimated parameters, and the p-values of t-tests
that compare each estimate to 0. However, these estimates and tests are not of direct relevance to the goal of
the case study. Instead, we are interested in model-based summaries, such as comparisons of the estimated
group means, that we discuss next.

4.2.3 Model-based testing for di ! erential abundance

Suppose, for example, that we testH0 : µ1 " µ0 = 0 versus Ha : µ1 " µ0 #= 0, where (in notation of
Table 1 ) µ1 represents the mean of protein abundance of subjects in theStable anginagroup, and µ0

represents the mean protein abundance among controls. We test the hypothesis for protein 8542, which has
three features. As discussed inSection 3.2.3 , the di! erence between group means can be estimated from
the data as a linear combination of the estimated parameters. To obtain this quantity, one must explicitly
specify the coe" cients of the linear combination. According to Eq. (1) , the coe" cients of all the model-
based parameters associated with group 1 are positive, and the coe" cients of the parameters associated with
group 0 are negative. The absolute value of the coe" cients of the two disease groups is 1. Since this protein
has three features, the absolute value of all the coe" cients of the interaction terms associated with these
disease groups is13 . Similarly, since there are ten subjects per group, the absolute value of the coe" cients of
subjects from these disease groups is110 . The remaining coe" cients are equal to 0. The full set of coe" cients
is shown in Table 7 ; it is applicable to all the identiÞed proteins.

We denote a vector of the coe" cients in Table 7 as coefficients . The numeric estimate of the linear
combination, as well as its standard error and corresponding p-value, are obtained using
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" Standard software. E.g., for Þxed effects in R:
library(gmodels)
pairwiseComp <- estimable( fit.8542, coefficients )

When tests are performed for multiple proteins in parallel, the p-values must be adjusted for multiple
comparisons as discussed inSection 3.2.3 . If p is a data structure of type data.frame , such that its rows
are genes and its four columns are p-values comparing each of the four disease groups to the controls, then
adjustment for multiple comparisons, separately for each type of test, can be obtained as

p.BH <- apply( p, 2, function(x) p.adjust(x, method = "BH") )

We reject the null hypothesis, and claim di! erential abundance, when an adjusted p-value is below an FDR
cut-o! of 0.05. In total, 59 proteins were found to be di! erentially abundant in at least one of the four
comparisons in this case study.

4.2.4 Model-based protein quantiÞcation in individual samples

Similarly to testing, we use the model to derive subject-level protein quantiÞcations as discussed inSec-
tion 3.2.4 . For example, to estimate the abundance of protein 8542 for the second subject in the Þrst disease
group (Stable angina), we create a linear combination of the estimated parameters. According toEq. (4) ,
the coe" cients associated with the intercept, with the corresponding disease group, and with the corre-
sponding subject, are all equal to 1. Since the protein has three features, the coe" cients associated with the
interaction term are 1

3 . The remaining coe" cients are 0. The full set of coe" cients is shown inTable 8 ,
and it is applicable to all the identiÞed proteins. We denote a vector of the coe" cients in Table 8 as
subjectQuantCoef . The numeric estimate of the linear combination is obtained using

subjectQuant <- estimable( fit.8542, subjectQuantCoef )
subjectQuant$Estimate

We further consider the 11 proteins for which independent nephelometry measurements were made for
each subject. For each protein, we calculate the Pearson correlation coe" cient between the subject-level
abundances and the nephelometry measurements. The median coe" cient of correlation over the 11 proteins
is 0.667.

4.2.5 Gene set enrichment analysis

We test the pre-deÞned groups of proteins for enrichment in di! erential abundance between each of the disease
groups and controls. For example, we consider a pre-deÞned group of 11 proteins sharing the annotation
Complement, and the comparison between the Þrst disease group (Stable angina) and the group of controls.
In this case, in the notation of Table 4 , K = 4 , s = 11, m ! s = 66, and R = 36. We calculate the p-value
of the Hypergeometric test using

p <- phyper( K, s, m-s, R, lower.tail = FALSE )

The test yields a p-value of 0.660, which indicates an insu" cient evidence that the Complement group is
enriched in proteins that are di! erentially abundant between Stable anginaand the controls. Overall, two
out of the ten pre-deÞned protein groups were found enriched in proteins that are di! erentially abundant in
at least one disease group as compared to controls.

4.3 Planning a follow-up experiment: sample size calculation

To calculate the sample size necessary for a follow-up experiment, we specify

(1) L = |µH ! µD |, the minimal absolute log-fold change in protein abundance that we would like to detect.
We set L = 0 .3, which on the original scale corresponds to the fold change of 20.3 = 1 .23.
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ANOVA can be used  for both testing and quantiÞcation
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! Use linear combinations of parameters for group testing

! Use linear combinations of parameters for quantiÞcation

individual LC-MS features from the average proÞle due to both biological interferences and experimental
artifacts.

The model also speciÞes the deviation of each subject (i.e., biological replicate, or subject)S(G)k(i) from
the overall group mean, which expresses the fact that some individuals have a higher natural abundance of
the protein than others. Notation S(G)k(i) is read as Òsubject within a groupÓ, indicating that in comparative
experiments, such as this case study, each individual belongs to only one group. A di! erent model, and a
di! erent notation, is necessary in experiments with repeated measurements where groups corresponds to
time points, and multiple samples from the same individual are collected across time. The last term in the
model ! ijk describes the remaining deviations of peak intensity, and is viewed as non-systematic replicates
of a Normally distributed measurement error with constant variance " 2

Error.
The ÒÞxed e! ectsÓ in the model name refers to the fact that the individuals selected for the study are

considered Þxed, and the model limits the scope of our conclusions to these speciÞc individuals. This is
appropriate for an initial screening experiment such as this case study, and has been shown to both increase
the sensitivity and the speciÞcity of testing, and improve the accuracy of subject quantiÞcation(12) , which
we describe in Section 3.2.3 and Section 3.2.4 . A di ! erent Òmixed e! ectsÓ ANOVA model will be
necessary for a validation experiment where individuals in the study are viewed as random instances from
a larger population of subjects, and one would like to extend the scope of the conclusions to the entire
population (12) .

Model Þt. The terms in Figure 2 are estimated from the data separately for each protein, using the
standard least squares procedure(13, 14) available in the statistical software R. Once the model is Þt, we
verify the appropriateness of the assumptions regarding! ijk using residual plots and Normal quantile-quantile
plots.

3.2.3 Model-based testing for di ! erential abundance

Specifying hypotheses of interest. We use the model to compare the mean abundance of a protein across
pairs of disease groups, on average over all subjects and features. For example, if we denoteµ0 the mean
abundance of the protein among controls, andµ1 the mean protein abundance in the Þrst disease group, the
log-fold change is deÞned asL = µ1 ! µ0. We test the null hypothesis H0 : L = µ1 ! µ0 = 0 against the
alternative Ha : L = µ1 ! µ0 "= 0.

Testing. In the notation of Figure 2 , the log-fold change is estimated from the model as

öL = ( öG1 ! öG0) +
1
f

!

"
f#

j=1

( !G # F )1j !
f#

j=1

( !G # F )0j

$

% +
1
n

&
n#

k=1

"S(G)k(1) !
n#

k=1

"S(G)k(0)

'

(1)

where Ò( Ó indicates that these are model-based quantities estimated from the data. Since this experiment has
a balanced design, the model-based estimates oföL simplify to the di ! erence of sample averagesöL = øy1.. ! øy0...
However, in situations where a balanced experiment cannot be achieved (e.g., when some runs or feature
intensities are lost), the model-based estimates will di! er from the averages, and have been shown to be
closer to the true values(12) .

The Þtted model is also used to estimate the standard error oföL (i.e., the estimate of its variation). In
our special case of a balanced design,

SE{ öL} =

)
2

nf
ö" 2

Error (2)

where ö" 2
Error is the estimate of residual variance based ong(f ! 1)(n ! 1) degrees of freedom (i.e., data points

available after Þtting the model). Using these estimates, the null hypothesis is tested with a t-test, which
compares the test statisticts = öL

SE{ öL}
to the Studentg(f ! 1)( n! 1) distribution, and derives the corresponding

p-value. If the p-value of a protein is below a pre-speciÞed cuto! , we reject the null hypotheses. In other
words, we state that the observed di! erence of protein abundance between groups is larger than what would

6

be expected by random chance. In this case study, we perform four sets of t-tests, each set comparing the
abundance of the identiÞed proteins in one of the four disease groups to the controls.

Multiple comparisons. Procedures of statistical inference allow us to select a p-value cuto! in a way to
control the expected error rate in our conclusions. For example, when testing the null hypothesis for a single
protein, the p-value is typically compared to a pre-speciÞed signiÞcance level! , where ! is the probability
of rejecting the null hypothesis given that the null hypothesis is true. Unfortunately, this procedure is only
designed for a single test, and does not control the overall error rate in an experiment such as this case
study, where we perform multiple tests for all the identiÞed proteins. Therefore, we should select a di! erent,
and more conservative, p-value cuto! that controls the experiment-wide error rate. A popular choice is to
control the False Discovery Rate (FDR), i.e., the expected proportion of false rejections in the reported list
of di! erentially abundant proteins.

Table 3 summarizes the possible outcomes of such a procedure in an experiment withm identiÞed
proteins, m0 of which do not di! er in abundance between two groups. R, S, T, U, and V are random
variables that depend on the observed data, but onlyR is actually observed. In the notation of Table 3 ,
the FDR is deÞned as

q = E
!

V
max(R, 1)

"
, (3)

whereE denotes the expected value of the quantity in brackets, i.e., the ÒaverageÓ value over a large number
of repetitions of this experiment.

In this case study, we use the procedure by Benjamini and Hochberg(15) , which controls the FDR at
a desired levelq. First, for each comparison of a disease group to controls, we order thep-values of the
m proteins from the largest p(m ) (i.e., the least signiÞcant) to the smallestp(1) (i.e., the most signiÞcant).
Next, we vary j from m to 1, and deÞne the adjusted p-value ÷pj as in reference(16)

÷pj = min
k= j,...,m

#
min

$ m
k

p(k ) , 1
%&

It can be shown that the list of proteins with adjusted p-values ÷pj below a pre-deÞned cuto! has the FDR
of at most the cuto! .

3.2.4 Model-based protein quantiÞcation in individual samples

In addition to comparing average protein abundances across groups, our goal is to obtain a separate quantiÞ-
cation of the protein in each subject, from all peptide features, and on a continuous scale that is comparable
across runs. We call this proceduresubject quantification. Results of subject quantiÞcation will be subse-
quently used as input to unsupervised clustering or supervised classiÞcation of the samples. The statistical
model in Figure 2 can also be used to perform this task. The model views subject quantiÞcation as es-
timation of the ÒtrueÓ abundance of the protein in each sample from noisy measurements, and helps to
appropriately derive this summary. For example, if we denote öµ1ák as the protein abundance of thekth
subject in the Þrst disease group, its model-based estimation is

öµ1ák = µ + öG1 +
1
f

f'

j =1

öFj +
1
f

f'

j =1

(Ĝ ! F )1j + Ŝ(G)k(1) (4)

As before Ò( Ó indicates that the quantities inEq. (4) are estimated from the data. In the case of a balanced
design, the model-based quantities simplify to sample averages øy1ák . In other experiments where balance
cannot be achieved, the model-based estimates will di! er from sample averages, and they have been shown
to be closer to the true values(12) .

We conÞrm the accuracy of model-based quantiÞcation by means of independent protein quantiÞcation on
the same samples. In this study, 11 proteins were measured independently in all samples using nephelometry.
We therefore calculate 11 Pearson coe" cients of correlation between the model-based quantiÞcations and
the nephelometry-based values.
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! Different coefÞcients of the linear combinations correspond to 
different tests / quantiÞcations

! Challenge: determine the right coefÞcients

! MSstats: open-source R package for protein quantiÞcation
" only specify the comparisons of interest

" handles more complex experimental designs Poster: Clough et al.
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! LC-MS proteomics: a case study of coronary artery disease
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" Statistical analysis
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" Enrichment of pre-deÞned sets in differential abundance

! Extensions

" Planning future studies with LC-MS workßows

" Design and analysis with labeling workßows



Validation of the ANOVA models: controlled dataset 
40Experimental data set I: 

technical variation
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! Controlled sample: a latin square design
" commercially puriÞed and digested proteins 

" can study multiple proteins, multiple fold changes

" limited number of runs

" REPLICATION, BLOCKING, RANDOMIZATION!
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The dataset is publicly available. Mueller et al., Proteomics, 7, p.3470, 2007



Spike-in dataset: group comparison
Sensitivity of detecting a 2-fold change
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Experimental data set I: 
technical variation

13

! Controlled sample: a latin square design
" commercially puriÞed and digested proteins 

" can study multiple proteins, multiple fold changes

" limited number of runs
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Figure 6: Sensitivity of the four basic models at detecting a two-fold change in the spike-in dataset, starting
from Þve abundance baselines. X-axis: abundance baseline. Y-axis: -log2(FDR-adjusted p-value). Each box
contains the middle 50% of the proteins; the line within the box is the median. The higher the value on
the y-axis, the stronger the evidence for di! erential abundance. The horizontal line corresponds to the FDR
cuto! of 0.05.
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Figure 7: (a) and (b) Sensitivity of the four basic models at detecting changes in abundance in the clinical
dataset. Each circle shows the number of proteins with at least one detected pairwise di! erence between
disease groups after the FDR cuto! 0.05. (a) Reduced dataset with 50 subjects. (b) Full dataset with
246 subjects. (c) SpeciÞcity of the four basic models at detecting changes in abundance in the spike-in
dataset. X-axis: number of di! erences in a comparison between two mixtures. Y-axis: false positive rate in
all pairwise comparisons of mixtures. More speciÞc models produce lower curves.
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from Þve abundance baselines. X-axis: abundance baseline. Y-axis: -log2(FDR-adjusted p-value). Each box
contains the middle 50% of the proteins; the line within the box is the median. The higher the value on
the y-axis, the stronger the evidence for di! erential abundance. The horizontal line corresponds to the FDR
cuto! of 0.05.
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Figure 6: Sensitivity of the four basic models at detecting a two-fold change in the spike-in dataset, starting
from Þve abundance baselines. X-axis: abundance baseline. Y-axis: -log2(FDR-adjusted p-value). Each box
contains the middle 50% of the proteins; the line within the box is the median. The higher the value on
the y-axis, the stronger the evidence for di! erential abundance. The horizontal line corresponds to the FDR
cuto! of 0.05.
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Figure 7: (a) and (b) Sensitivity of the four basic models at detecting changes in abundance in the clinical
dataset. Each circle shows the number of proteins with at least one detected pairwise di! erence between
disease groups after the FDR cuto! 0.05. (a) Reduced dataset with 50 subjects. (b) Full dataset with
246 subjects. (c) SpeciÞcity of the four basic models at detecting changes in abundance in the spike-in
dataset. X-axis: number of di! erences in a comparison between two mixtures. Y-axis: false positive rate in
all pairwise comparisons of mixtures. More speciÞc models produce lower curves.
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Spike-in dataset: group comparison 
SpeciÞcity of pairwise comparisons of mixtures
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! Controlled sample: a latin square design
" commercially puriÞed and digested proteins 

" can study multiple proteins, multiple fold changes

" limited number of runs

" REPLICATION, BLOCKING, RANDOMIZATION!
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Experimental design:



Case study, testing: 
Comparison of all groups to controls
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Reduced dataset:10 patients / group Full dataset:50 patients / group

The ANOVA-based approach improves sensitivity 



Case study, testing: 
Comparison of all groups to controls
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Case study: protein quantiÞcation in individual samples
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Figure 8: (a) Accuracy of subject quantiÞcation in the clinical dataset. X-axis: correlation of protein abun-
dances derived from the Òaverage modelÓ and the nephelometry measurements. Y-axis: ratio of ANOVA-
based correlations and the Òaverage modelÓ-based correlations. Points above the horizontal line indicate
improved quantiÞcation. (b) E! ect of missing intensities on estimates of di! erences between disease groups.
X-axis: model type. Y-axis: absolute value of bias in estimation of the di! erences after removing 30% of
intensities. Lower boxes correspond to more robust models. (c) Same as (a), but after removing 30% of
feature intensities, with higher probability of removal for low-abundant features.
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Correlation coefÞcient of model / 
correlation coefÞcient of ÒaverageÓ model

Correlation coefÞcient
of the ÒaverageÓ model

Correlation of quantification vs independent assay measurements

The ANOVA-based approach improves quality of quantification 
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Outline
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! LC-MS proteomics: a case study of coronary artery disease

" Framing the question

" Experimental design

" Statistical analysis

# methods

# evaluation

" Enrichment of pre-deÞned sets in differential abundance

! Extensions

" Planning future studies with LC-MS workßows

" Design and analysis with labeling workßows
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Example: P. Hu et al., Nature Reviews, 2007

Gene set enrichment: a typical application is to test the 
enrichment of GO terms in ÒinterestingÓ genes

Size: total gene membership
Color: statistical significance of cancer genes

! Case study: test pre-deÞned functional terms based on clinical literature
! Test for enrichment in differentially abundant genes



Typically used approach to gene set:
Hypergeometric testing

48

! P-value = probability of observing k or more proteins with 
this function among the differentially abundant proteins

g identiÞed proteins

f genes with a function 
(e.g. GO term)

group of n proteins

k

P-value of a cluster . In [66], Tavazoie et al. mapped the
genes in each resulting cluster to the 199 functional
categories in the Martinsried Institute of Protein Sciences
function classification scheme (MIPS) database. For each
cluster, P-values were calculated to measure the statistical
signif icance for functional category enrichment. To be
specific, the authors used the hypergeometric distribution
to calculate the probability of observing at least k genes
from a functional category within a cluster of size n:

P ! 1 "
Xk" 1

i ! 0

f
i

! "
g " f
n " i

! "

g
n

! " ;

where f is the total number of genes within a functional
category and g is the total number of genes within the
genome.Sincethe expectation of P within the cluster would
be higher than 0:05%, the authors regarded clusters with
P-valuessmaller than 3 # 10" 4 as significant. Jakt et al. [35]
integrated the assessment of the potential functional
significance of both gene clusters and the corresponding
postulated regulatory motifs (common DNA sequence
patterns), and developed a method to estimate the prob-
ability (P-value) of finding a certain number of matches to a
motif in all of the gene clusters. A smaller probability
indicates a higher significance of the clustering results.

Prediction strength. A novel approach to evaluating the
reliability of sample clusters is basedon the concept that if a
clusteri ng result reflects true cluster structure, then a
predictor based on the resulting clusters should accurately
estimate the cluster labels for new test samples. For gene
expression data, extra data objects are rarely used as test
samples since the number of available samples is limited.
Rather, a cross-validationmethod is applied. The generated
clusters are assessedby repeatedly measuring the prediction
strengthwith one or a few of the data objectsleft out, in turn,
as ÒtestsamplesÓwhile the remaining data objectsare used
for clustering.

Golub et al. introduced a method based on this idea.
Suppose a clustering algorithm partitions the samples into
two groups C1 and C2, with samples~ss1; . . . ;~ssk belonging to
C1 and samples ~ssk$ 1; . . . ;~ssp" 1 belonging to C2, ~ssp being the
left out test sample, and G being a set of genes most
correlated with the current partition. Given the test sample
~ssp, eachgene~ggi 2 G votes for either C1 or C2, depending on
whether the gene expression level wip of ~ggi in ~ssp is closer to
! 1 or ! 2 (which denote, respectively, the mean expression
levels of ~ss1; . . . ;~ssk (C1) and ~ssk$ 1; . . . ;~ssp" 1 (C2)). The votes for
C1 and C2 are summed as V1 and V2, respectively, and the
predictionstrengthfor ~ssp is defined as j V1" V2

V1$ V2
j. Clearly, if most

of the genes in G uniformly vote ~ssp for C1 (or for C2), the
value of the predication strength will be high. High values
of prediction strength with respect to sufficient test samples
indicate a biologically significant clustering.

GolubÕsmethod constructs a predictor based on derived
clusters and converts the reliability assessmentof sample
clusters to a ÒsupervisedÓclassification problem. In [77],
Yeung et al. extended the idea of Òprediction strengthÓand
proposed an approach to cluster validation for gene

clusters. Intuitive ly, if a cluster of genes has possible
biological significance, then the expression levels of the
genes within that cluster should also be similar to each
other in ÒtestÓsamples that were not used to form the
cluster. Yeung et al. proposed a specific figure of merit
(FOM), to estimate the predictive power of a clustering
algorithm. Suppose C1; . . . ; Ck are the resulting clusters
basedon samples 1; . . . ; %e" 1&; %e$ 1&; . . . ; m, and sample e
is left out to test the prediction strength. Let R%g;e&be the
expression level of gene g under sample e in the raw data
matrix. Let ! Ci %e&be the averageexpression level in sample
e of the genesin cluster Ci . The figureof merit with respect to
e and the number of clusters k is defined as

F OM %e;k&!

##############################################################
1
n

#
Xk

i ! 1

X

x2Ci

%R%x; e&" ! Ci %e&&2

vu
u
t :

Each of the m samples can be left out, in turn, and the
aggregatefigure of merit is defined as

F OM %k&!
Xm

e! 1

F OM %e;k&:

The F OM measures the mean deviation of the expression
levels of genes in e relative to their corresponding cluster
means. Thus, a small value of F OM indicates a strong
prediction strength and, therefore, a high-level reliability of
the resulting clusters. Levine and Domany [41] proposed
another figure of merit M based on a resampling scheme.
The basic idea is that the cluster structure derived from the
whole data set should be able to ÒpredictÓ the cluster
structure of subsetsof the full data. M measuresthe extent
to which the clustering assignments obtained from the
resamples (subsets of the full data) agree with those from
the full data. A high value of M against a wide range of
resampling indicates a reliable clustering result.

4 CURRENT AND FUTURE RESEARCH DIRECTIONS

RecentDNA microarray technologies have made it possible
to monitor transcription levels of tens of thousands of genes
in parallel. Gene expression data generated by microarray
experiments offer tremendous potential for advances in
molecular biology and functional genomics. In this paper,
we reviewed both classical and recently developed cluster-
ing algorithms, which have beenapplied to geneexpression
data, with promising results.

Geneexpression data can be clustered on both genesand
samples. As a result, the clustering algorithms can be
divided into three categories: gene-based clustering, sam-
ple-based clustering, and subspace clustering. Each cate-
gory has speci f ic appl ications and present speci f ic
challenges for the clustering task. For each category, we
have analyzed its particular problems and reviewed several
representative algorithms.

Given the variety of available clustering algorithms, one
of the problems faced by biologists is the selection of the
algorithm most appropriate to a given geneexpression data
set.However, there is no single ÒbestÓalgorithm which is the
ÒwinnerÓin every aspect.Researcherstypically selecta few
candidate algorithms and compare the clustering results.
Nevertheless, we have shown that there are three aspectsof
cluster validation and, for each aspect, various approaches

JIANG ET AL.: CLUSTER ANALYSIS FOR GENE EXPRESSION DATA: A SURVEY 1383

! Small p-value = the set has more 
differentially abundant proteins than 
as expected by random chance

A systematic review on all gene set enrichment methods:
 Ackermann and Strimmer, BMC Bioinformatics, 2009
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Challenge of the hypergeometric testing in proteomic 

research: sensitivity to the size of the set or of the 
ÒuniverseÓ 

Likely to occur by random chance, i.e. large p-value

Unlikely to occur by random chance, i.e. small p-value

Need to be as conservative as possible in selecting the ÒuniverseÓ of proteins
(e.g. only the proteins that are reliably identified in the current experiment)
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DifÞculty II: severe multiple testing when considering 

a large number of tests

! Repeat the test for each GO term

" obtain as many p-values as functions

! A term is ÒsigniÞcantly enrichedÓ in cluster if p< 0.05

" 5% of chance that a same or stronger pattern is obtained by 
random chance

" if test 10,000 go terms, Þnd 500 false positive functions!

!  Modify the p-values to adjust for multiple comparisons

" Bonferroni (type I error, conservative): 

" Benjamini-Hochberg (FDR):

Frequentist approaches to controlling multivariate type I error 5

Consequently, to control the multivariate type I error at the level ! ! , we need to set

! =
! !

m
(4)

Procedure

Adjust each p-value such that
÷pj = min(1 , mpj) (5)

Example

Suppose there are 100 genes, and we wish to control the FWER such that it is no larger than 0.05.

1. Set ! ! = 0.05.

2. (a) Calculate the p-value, pj corresponding to each test statistic,t (j)
s .

(b) Transform ÷pj = min(1 , 100pj).

3. Reject H (j)
0 if ÷pj < ! ! = 0 .05.

alternatively,

1. Set ! ! = 0.05.

2. Calculate the p-value, pj corresponding to each test statistic,t (j)
s .

3. Reject H (j)
0 if pj < ! !

m = 0.05
100 = 0 .0005.

Comments

¥ Even for methods controlling FWER, Bonferroni is extremely conservative. The e! ect is that in
forcing that no type I errors occur, the rejection region is extremely small. Although we are (almost)
guaranteed no false discoveries, it is extremely unlikely for there to be any true discoveries either.

¥ Suppose thatm0 null hypotheses are true. Then it is true that

P{ V ! 1} "
m0!

j=1

P { reject H0 |H0 true } (6)

Since
! !

m0
>

! !

m
, this would gain power. This means that Bonferroni assumes that as many asm null

hypotheses may be true. If we knewm0, we could make adjustments, howeverm0 is unknown.

4.2 minP - Westfall & Young (1993)

Description

¥ Single Step.

Frequentist approaches to controlling multivariate type I error 7

Procedure

1. Order the p-values
p(1) ! p(2) ! . . . ! p(m ) (10)

2. Starting with the largest p-value, comparep(j ) to a ! j = f (! ! , j ) as follows

p " value p(m ) p(m " 1) . . . p(K +1) p(K ) p(K " 1) . . . p(1)

! m
m ! ! m " 1

m ! ! . . . K +1
m ! ! K

m ! ! K " 1
m ! ! . . . 1

m ! !

p ! ! No No . . . No Yes ? . . . ?

(11)

Once the Þrst statistic is encountered such thatp ! ! , reject that null hypothesiss, and all others with
a lower p-value.

This is equivalent to adjusting each p-value by

÷pj = min
k= j,...,m

!
min

" m
k

p(k ) , 1
#$

(12)

The outer minimization ensures that the order of the p-values is preserved, while the inside minimization
ensures that all p-values remain below 1.

Comments

In 2001, Benjamini and Yekutieli showed that this procedure tolerates positive regression dependence, but
not general dependence. However, they were able to modify it such that it does control the FDR under
general dependence, using

÷pj = min
k= j,...,m

%
min

&
m

' m
t =1 1/t
k

p(k ) , 1
()

(13)

This is generally considered too conservative unless the dependence structure of the data requires it.
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Observed Systematic Random deviation
feature = mean signal + due to all sources

intensity of disease group of variation

yij = Group mean i + Error j ( i )
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intensity of disease group individual sample preparation measurement error

y ijkl = Group mean i + Indiv (Group )j ( i ) + Prep (Indiv )k ( ij ) + Error l ( ijk )
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Observed Systematic Random deviation Random Random
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A pilot experiment
- 2 healthy individuals, 2 with diabetes
- multiple sample preparations
- multiple LC-MS replicates

I : # individuals per disease group
J: # sample preps
K: # replicate runs

Observed Systematic Random deviation
feature = mean signal + due to all sources

intensity of disease group of variation

yij = Group mean i + Error j ( i )

! N
`
0, ! 2«

Observed Systematic Random Random Random
feature = mean signal + deviation due to + deviation due to + deviation due to

intensity of disease group individual sample preparation measurement error

y ijkl = Group mean i + Indiv (Group )j ( i ) + Prep (Indiv )k ( ij ) + Error l ( ijk )
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Observed Systematic Random deviation
feature = mean signal + due to all sources

intensity of disease group of variation

yij = Group mean i + Error j ( i )
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Observed Systematic Random Random Random
feature = mean signal + deviation due to + deviation due to + deviation due to

intensity of disease group individual sample preparation measurement error
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Conclusion 2: Block-randomize 
- if can not control a large source of variation
- if moderate sample size
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Fix:

# of features with # of features with Total
no detected di! erence detected di! erence

# true non-di ! . features U V m0

# true di ! . features T S m1 = m ! m0

Total m ! R R m

Table 1: Outcomes of testingm null hypothesesH0 : µH = µD simultaneously for m experimental features,
conditionally on the features detected and quantiÞed by a signal processing procedure.R, S, T, U and V
are random quantities, but only R is observed.
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If we only had one feature:

# of features with # of features with Total
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# true di ! . features T S m1 = m ! m0

Total m ! R R m

Table 1: Outcomes of testingm null hypothesesH0 : µH = µD simultaneously for m experimental features,
conditionally on the features detected and quantiÞed by a signal processing procedure.R, S, T, U and V
are random quantities, but only R is observed.
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But when we have many features:

# of features with # of features with Total
no detected di! erence detected di! erence

# true non-di ! . features U V m0

# true di ! . features T S m1 = m ! m0

Total m ! R R m

Table 1: Outcomes of testingm null hypothesesH0 : µH = µD simultaneously for m experimental features,
conditionally on the features detected and quantiÞed by a signal processing procedure.R, S, T, U and V
are random quantities, but only R is observed.
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- average probability of a false positive discovery

This deÞnes: 
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anticipated fold change
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FDR: 1% of changes
FDR: 50% of changes
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Conclusion 3: 
The fewer changes we expect, the larger the sample size

Example: pilot study with diabetes patients. 
A block-randomized design 
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Figure 6: The pilot label-free experiment of patients with diabetes. (a) Variance components
! 2

Indiv , ! 2
P rep and ! 2

Error over all quantiÞed features. Each box contains the middle 50% of the
features, the horizontal line within a box is the median, dots are the outliers. (b)V ar(øyH ! øyD ) of
a complete randomized design in Eq. (2). (c)V ar(øyH ! øyD ) for randomized block design in Eq. (3)
and completely randomized design in Eq. (4), with no technical replicates. ÒLargeÓ! 2

Block =
5(! 2

Indiv + ! 2
Error ), and ÒsmallÓ! 2

Block = 0 .5(! 2
Indiv + ! 2

Error ).

Observed Systematic Random deviation Random Random
feature = mean signal + due to block + deviation due to + deviation due to

intensity of disease group (e.g. plate or day) individual measurement error

yijkl = Group meani + Blockk + Indiv (Group)j ( i ) + Error l ( ijk )

" N
!
0, ! 2

Block

"
" N

!
0, ! 2

Indiv

"
" N

!
0, ! 2

Error
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Figure 7: Statistical model for a mixed ANOVA with random blocks. i is the index of a disease
group, j (i ) the index of a patient within the group, k is the index of the block, and l(ijk ) is the
replicate run. Blockk, Indiv (Group)j (i ) and Error l(ijk ) are all independent.

(a) Randomized Complete Block (b) Balanced Incomplete Block
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Statistical issues in LC-MS based biomarker discovery:
summary of discussion with Xiao-jun and suggestions.

September 7, 2008
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Figure 8: Experiments with a four-label workßow; ÒXÓ indicates a unique biological sample. (a)
Randomized complete block design with four disease groups: each block contains one individual
from each disease group. (b) Balanced incomplete block design with four labels and Þve disease
groups: individuals from each pair of groups appear in the same block an equal number of times.

40

Design question: how to allocate samples to runs?
Allocation of resources in a 4-label workßow

! 4 groups or less
" allocate a subject from each 

group to a run

" randomize or systematically 
rotate channels across groups

! 5 groups or more
" systematically rotate group 

allocation to runs

" randomize or systematically 
rotate channels across groups
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(a) Balanced Incomplete Block
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D 5 X L 1 X L 2 X L 1 X L 2 á á á
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(b) Reference (c) Loop
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D 4 X L 2 X L 1 X L 2 X L 1 á á á
D 5 X L 1 X L 2 X L 1 X L 2 á á á

2

Disease Replicate set 1
group Block 1 Block 2 Block 3 Block 4 Block 5 á á á
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D 1 X L 2 á á á
D 2 X L 2 á á á
D 3 X L 2 á á á
D 4 X L 2 á á á
D 5 X L 2 á á á
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Disease Replicate set 1
group Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Block 7 Block 8 Block 9 Block 10 á á á

D 1 X L 1 X L 2 X L 1 X L 2 á á á
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D 3 X L 1 X L 2 X L 1 X L 2 á á á
D 4 X L 2 X L 1 X L 2 X L 1 á á á
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2

Figure 9: Five-group experiments with a two-label workflow; “X” indicates a unique biological
sample, “R” indicates a reference sample, and “L 1” and “L 2” indicate the (optional) systematic
labeling scheme. (a) Balanced incomplete block: individuals from each pair of groups appear in a
same block once. (b) Reference design: each block contains a reference sample which is the same in
all blocks, and one additional unique individual. (c) Loop design: pairs of individuals from di! erent
groups cycle through blocks.
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Figure 10: Variances V ar(D̂1 ! D̂2) of a comparison between two disease groups in a 5-group
experiment. (a) 5-label workflow with a randomized complete block design in Eq. (4), and 4-
and 2-label workflows with a balanced incomplete block design in Eq. (5). (b) and (c) 2-label
workflow with a balanced incomplete block in Eq. (5), reference design in Eq. (6) and loop design
in Eq. (7)-Eq. (8).
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Poster: Chang et al.

! Reference design
" allocate a same control subject 

in every run

" keep same channels across 
groups

! BIB and loop designs
" systematically rotate group 

allocation to runs

" randomize or systematically 
rotate channels across groups

Design question: how to allocate samples to runs?
Allocation of resources in a 2-label workßow > 2 groups
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Observed Systematic Random deviation
feature = mean signal + due to all sources

intensity of disease group of variation

yij = Group mean i + Error j ( i )
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Observed Systematic Random Random Random
feature = mean signal + deviation due to + deviation due to + deviation due to

intensity of disease group individual sample preparation measurement error

y ijkl = Group mean i + Indiv (Group )j ( i ) + Prep (Indiv )k ( ij ) + Error l ( ijk )
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A block-randomized design 

Balanced incomplete block design

I : # individuals per disease group
nb, ng, np, ns - counts of paired allocations

Conclusion 4: 
Larger blocks are more efÞcient 
(assuming same variances in all workßows)
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! Statistical reasoning should be applied before and after 
collecting the data:

" A  good experimental design:

# avoids bias

# improves efÞciency (i.e. reduces the variation)

" A good statistical model:

# states and veriÞes the assumptions

# improves sensitivity and speciÞcity

! Methodological framework is already in place
" Traditional statistical methods go a long way, if used correctly

" Recent methods developed for high-dimensional data are useful

" However new specialized methods for MS-based proteomics are 
needed

# e.g. to account for uncertainty in feature identiÞcation 
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