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Scope of the discussion

| Can conduct a variety of quantitative MS-based experim
rebned experimental work3ows
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 efbcient experiments
derive objective conclusions regarding the unknowns
# In presence of stochastic variation and uncertainty



Outline

| LC-MS proteomics: a case study of coronary artery dise
Framing the question
Experimental design
Statistical analysis
# methods
# evaluation
Enrichment of pre-dePned sets in differential abunda

| Extensions
Planning future studies with LC-MS work(l3ows
Design and analysis with labeling workf3ows



References
Case study

Clough et al. Methods in Molecular Biology, in press.
Another example:
# Patil et al. J. Proteome Research, 6, p.955, 2007.

Protein-level quantibcation

T. Clough et al. J. Proteome Research, 8, p.5275, 20009.
Other examples:

# J. Karpievitch et al. Bioinformatics, 25, p.2028, 2009
# A. Oberg et al. J. Proteome Research, 7, p.225, 2008.

Experimental design
A. Oberg, O. Vitek. J. Proteome Research, 8, p.2144, 20009.

Extensions (poster session)

T. Clough et al. An R package for complex LC-MS experiments

V. Chang et al. Statistical methods for protein quantification in label-free
and labeling SRM experiments



Motivating example;:
a case study of coronary artery disease

Collection of plasma samples of 3290 disease subjec
controls

treated at the Munich Heart Center between 2005 and 20C
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 probles

a follow-up study will focus on a subset of proteins and dis
groups
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Here Is how a statistician views
the coronary artery disease experiment

Healthy population
(i.e. all healthy individuals)

Disease population
(i.e. all disease individuals)

Large populations of
Individuals



Here Is how a statistician views
the coronary artery disease experiment

(a) Random sample of

ﬁwdividuals\‘

Healthy individuals
in the study

(a) Random sample of

ﬂdividuam

Disease individuals
in the study

ealthy population
(i.e. all healthy individuals)

Disease population
(i.e. all disease individuals)

Large populations of Randomly selected
Individuals iIndividuals



Here Is how a statistician views
the coronary artery disease experiment

(a) Random sample of (b) Noisy measurements

/Tmividuals\‘ — \‘

Healthy individuals Healthy individuals
in the study in the study

(a) Random sample of

Healthy population
(i.e. all healthy individuals)

mdividuam wﬁy measurements
Disease population Disease individuals Disease individuals
(i.e. all disease individuals) in the study in the study
] | ] | ]
Large populations of Randomly selected Noisy measurements
individuals individuals on selected

individuals



Statistical goal 1: Testing

Compare mean protein abundances in the underlying popula

(a) Random sample of (b) Noisy measurements

/71dividuals\‘ — \‘

Healthy individuals Healthy individuals
in the study in the study

(a) Random sample of

ﬂdividuam wﬁy measurements

Disease individuals
in the study

Healthy population
(i.e. all healthy individuals)

Disease individuals
in the study

Disease population
(i.e. all disease individuals)

Goal 1:

Test Ho:
mean of all disease patients in
their population
= Useful for validation
mean of all control patients in experiments
their population
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Statistical goal 2: Testing
Compare mean protein abundances in the selected patien

(a) Random sample of (b) Noisy measurements

/71dividuals\‘ — \‘

Healthy individuals Healthy individuals
in the study in the study

(a) Random sample of (b) Noisy measurements

~ individuals —

Healthy population
(i.e. all healthy individuals)

)

Disease population Disease individuals Disease individuals
(i.e. all disease individuals) in the study in the study
| | | | |
Goal 2:
Test Ho:

mean of the selected
disease patients

mean of the selected
control patients

Useful for initial
screening
experiments



Statistical goal 3: Quantibcation
Quantify protein abundance in each patient

(a) Random sample of (b) Noisy measurements

/71dividuals\‘ — \‘

Healthy individuals Healthy individuals
in the study in the study

(a) Random sample of

Mdividuam wﬁy measurements

Disease individuals
in the study

Healthy population
(i.e. all healthy individuals)

Disease individuals
in the study

Disease population
(i.e. all disease individuals)

Goal 3:

Quantify
protein abundance

of each individual patient Used as input for

downstream analysis
(e.g. clustering/
classification)
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14
Here Is how a statistician proceeds to achieve the goe

(and what can go wrong)

(a) Random sample of (b) Noisy measurements

ﬂdividuals\‘ — \‘

Healthy subjects Healthy subjects o
'l - abundance | Yy - observed (c) Statistical
IH model

(a) Random sample of

' roperties of
ﬂdividuals\‘ Wmeasurements (prop

Yo — YH)
Disease subjects
| Yip - observed

X -

(d) Inference for goal 1:

(conclusions regarding ! D— ! Y )

>

Healthy population

1 Th mean protein abundance

Disease population

_ Disease subjects
I 5 mean protein abundance

'l - abundance
1D

Dangers:

Bias: observed differences systematically
deviate from the true differences A good experimental design

lneﬂDCiency: largeVar (g4 ! ¥p) helps avoid these dangers



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

(a) No replication

>

Feature intensity

(b) A signilcant difference

Feature intensity

Healthy  Disease

Two levels of ranc

2 A

0

C

[¢D)

k=

: 8

> —_
o F el
> | |

Healthy  Disease

Biological re

(c) Not a signibcant difference

>

Healthy  Disease

omness imply two types of replication:

nlicatesselecting multiple subjects from the population

Technical replicatesmultiple runs per subject

15
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Fundamental principle 1: replication
Required to (1) carry out the inference and (2) minimize the variance

(a) No replication (b) A signilcant difference (c) Not a signibcant difference
2 A 2 A 2 A o
) D) 1) o
£ k= k=
0 0 0 ©
= = 8 VA 2 O v
S YD S B /D 5 o D
L Ll v. _8 L —
YH YH 3 YH
O
O
O
| —> | —> | —>
Healthy  Disease Healthy  Disease Healthy  Disease

Coronary artery disease experiment:
Biological replicates50 subjects per disease group from the population
Technical replicatesno technical replication in this case
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Fundamental principle 2: randomization

Required to prevent bias

(a) Sequential acquisition (b) Complete randomization
2 A ody 2 A o dg
Z Z
g o dy g o d,
= _ =
@ —ds D @ o dp
= 3 = O dj v
o o —-d- 'D
3 o) d2 o d3 k3 B o dy
_° da H™ % dy
© ™1
o) dl o) d1
| —> | —
Healthy  Disease Healthy  Disease

No randomization Complete randomization
= confounding = no bias
= bias
Two levels of randomness imply two types of randomization:
Biological replicatesrandom selection of subjects from the population
Technical replicatestandom allocation of samples to all processing step




Fundamental principle 2: randomization
Required to prevent bias

(a) Sequential acquisition (b) Complete randomization
2 A ody 2 A o dg
Z Z
g o dy g o d,
= _ =
@ —ds D @ o dp
= 3 = O dj v
@ @ o d, ‘D
3 o) d2 o d3 k3 B o dy
_° da H™ % dy
YH
o) dl o) d1
| —> | —
Healthy  Disease Healthy  Disease

No randomization Complete randomization
= confounding = no bias
= bias

Coronary artery disease experiment:
Biological replicatesrandomized selection from the repository
Technical replicatestandom order of samples
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Fundamental principle 3: blocking
Helps reduce both bias and variance

(b) Complete randomization (c) Day = block
2 A o dy A S,
5 ©d3 g i Block = sets of
s o dg p samples or runs
5 o d _ 5 O/Oi dg P
5 4 ;YD 5 o, that are more
LL — LL | d . .
H / 92 similar to each other
@) d2 O \
o d o
o) d1 1 o/ 1dl
| —> | —>
Healthy  Disease Healthy  Disease
Complete randomization Block-randomization
= Inflated variance = restriction on randomization

= systematic allocation

Two levels of randomness imply two types of blocks:
Biological replicatesssubjects having similar characteristics (e.g. age)
Technical replicatessamples processed together (e.g. in a same day)
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Fundamental principle 3: blocking

Helps reduce both bias and variance

(b) Complete randomization (c) Day = block
2 A o dy A S,
5 ©d3 g i Block = sets of
s o dg p samples or runs
5 o d _ 5 O/Oi dg P
5 4 ;YD 5 o, that are more
LL — LL | d . .
H / 92 similar to each other
@) d2 O \
o d o
o) d1 1 o/ 1dl
| —> | —>
Healthy  Disease Healthy  Disease
Complete randomization Block-randomization
= Inflated variance = restriction on randomization

= systematic allocation

Coronary artery disease experiment:
Biological replicatesblock-randomized sample selection
Technical replicatesno important blocking factors were anticipated




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

Disease group
Control Stable angina Unstable angina NSTEMI STEMI
| 58 y.0; Female 354 300 49 39 29
Stratibcation I 58 y.0; Male 701 843 143 86 54
< 58 y.0; Female 80 56 5 5 8
< 58 y.0; Male 264 190 34 23 27

Counts In the initial repository of samples

Disease group
Control Stable angina Unstable angina NSTEMI STEMI
I 58 y.0; Female 3 3 3 3 3
: : I 58 y.0; Male 3 3 3 3 3
Stratibcation < 58 y.0; Female 2 2 2 2 2
< 58 y.0; Male 2 2 2 2 2

Counts of subjects included in the study
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Biological samples

MS/MS spectra

e

m'z

Peptide database

LC-MS runs

Label-free proteomic workf3ow

Peptides identified from
high confidence PSMs

R.QQQQKISHLAK
V.EEVDYEKGRLK
M.KMLDF.QRGEK
D.QQFVDECLDRI
V.VKYVKHLVPKY
R.ONYPDKFANIR
K.KMLEPA/YRR

NOoO AW -

Features

located in runs

NOOE W =

Proteins identified
from peptides

R.QQQOKISHLAK 0.3520
V.EEVDYEKGRLK 0.3368
M.KMLDFLQRGEK 0.3106
D.QQFVDECLDRI 5.6733E-4 21/44 1366.5084 HI0724
V.VKYVKKLVPKY  5.8(52E-6 20/44 1365.7223 HI0390.1
R.ONYPDKFANIR  3.0432E-6 17/44 1366.4961 HI1113
K.KMLRPFVYRR  1,9713E-7\14/40 1366.6906 HI0069

18/44 1366.5398 HI0658
18/44 1366.4906 HI0717
20/44 13656104 HI0934

Features aligned
across runs

Transformation, normalization,

O. Vitek, PLoS Computational Biology, 2009
L. Mueller M.-Y. Brusniak, D.R. Mani, R. Aebersold. J. Proteome Research, 2008

summarization

23

¥Machine learning
¥Function annotation
¥Data integration



Biological samples

MS/MS spectra

m'z
\ 4
*

Peptide database

LC-MS runs

Label-free proteomic workf3ow

Peptides identified from
high confidence PSMs

R.QQQQKISHLAK
V.EEVDYEKGRLK
M.KMLDF.QRGEK
D.QQFVDECLDRI
V.VKYVKHLVPKY
R.ONYPDKFANIR
K.KMLEPA/YRR

N O OEAEWN -

~ Features

located in runs

NOOE W =

Proteins identified
from peptides

R.QQQOKISHLAK 0.3520 18/44 1366.5398 HI0658
V.EEVDYEKGRLK 0.3368 18/44 1366.4906 HI0717
M.KMLDFLQRGEK 0.3106 20/44 13656104 HI0934
D.QQFVDECLDRI 5.6733E-4 21/44 1366.5084 HI0724

V.VKYVKKLVPKY  5.8(52E-6 20/44 1365.7223 HI0390.1

R.ONYPDKFANIR  3.0432E-6 17/44 1366.4961 HI1113
K.KMLRPFVYRR  1,9713E-7\14/40 1366.6906 HI0069

Features aligned
across runs

¥Machine learning

¥Function annotatioh
¥Data integration

sformation, normaliza
summarization

Focus of this part

O. Vitek, PLoS Computational Biology, 2009
L. Mueller M.-Y. Brusniak, D.R. Mani, R. Aebersold. J. Proteome Research, 2008
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Study of coronary artery disease:

Controld

summary of the data

25

Stable angina Unstable anginad NSTEMI! STEMI!
s1 s2 s3 Els4d sl s2 s3 Elsagsl s2 s3 E! g50 sl s2 s3 Els4d sl s2 s3 E!s5C
Feature 2| x!' x!' x!I' 1 x| x xI xI E! x| xI x xt E! x|[x xt x E!x|x xt xI E! x
Featurea2l x!' xI' xI g1 x| x xI xt E! x| xt xt xt E! x|xt xt xt E!lxt|{xt xt xI E! x
Feature 3 x! xt xt E! x| xt xt xt E! xt| xt xt xt E! x| xt xt xt E! xt| xt xt xt E! xl

2-169 features per protein

No mMissing data

# Integrated background noise for missing features

Independent assay measurements
11 proteins identibed by LC-MS
al 250 subjects

LC-MS features mapped to 77 unigue ENTREZ ids



Abundance

Abundance

155

4.0 145 T2l

13.5

13.0

14.5 15.0 1o b

14.0

13.5

How to compare disease groups,

while using all the features?

Norral =tzhle Unstakle_ACh ArAl
Noriral Zl=ble Unslable_ACh ArAl

Disease group

Standard error

Standard error

015 D20 025 D030 035

ono 0925 010

035

0.30

015 220 025

|

0Ccs 010

|

nno

|

|

|

|

|

|

393

(Stable laP

|
2 C

4

- Normal ) / SE
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Frequently used approach:
a separate test for each peptide feature

Observed =  Overall + Systematic + Random deviation due to

feature feature deviation due to non-systematic sources of

Intensity mean disease group variation

Yijk = Hj + p Gi + ik «
> Gj =0 I N 0,"7
i=1 d 1]
| Advantages
simple

no assumed relationship between variances of features
| Disadvantages
no group level testing; no patient quantibcation
iInRated multiple comparisons; correlations
| Extensions
Empirical Bayes model for the variance (Limma)

27



28
Extension: Empirical Bayes model for the

variances of peptide features (Limma)

ANOVA-based comparison:

%isease | %ontrol

: " Studenty
S aconstant “~_
__— RelRects the number of data
Peptide-specibc variance points in the feature

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

Frequency , , Smyth, 2005

T 11 ’| 2 ~
over all 4 2 dyas2 2 do  OAverage degree
features 0

™~ of freedomO
estimated over

/\ all features
—

OAverage varianceO
Bl estimated over all
features




Finding differentially abundant features:
moderated test statistic

Anova-based comparison:

%isease | %ontrol

: " Studenty
S aconstant “~_
__— Rel3ects the number of data
Feature-specibc variance points in the feature
\ /

\ /

Moderated Anova-based comparison (Limma, %Iemented In Corra):
Smyth, 2005

Isease ! YControl Student(d)

s aconstant
32:d0é56+dé82 d=dy+ d
Jdo+ @ \
OAverage varianceO OAverage degree of freedomO

estimated over all features estimated over all features
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So how many replicates do | need?

Need to dePne the error rate:
| False positive ratehe probability to claim a false change

| False discovery rat¢he OaverageO proportion of false change

the list

# of features with # of features with Total

no detected di ! erence detected di ! erence
# true non-di ! . features U V
# true di ! . features T S m;=m! myg
Total m! R R m
Vv V
FPR = E | — _
[ ] TR =E [max <R,1>] *

Apply the Benjamini-Hochberg correction to

the p-values: l g #S
pj — k:r?.lnm min ?p(k),l

p-value cut-0$ corresponds to the FDR



Frequently used approach:
average all feature abundances of a protein in a run

Average =  Overall + Systematic + Random deviation due
feature feature deviation due to to non-systematic
Intensity per mean disease group sources of variation
subject
¥ & = U + p G + lik «
9 G =0 Il N 0,"°
i=1 ' ’
Advantages

group testing and subject guantiPcation; fewer comparisons

Disadvantages
reduces the nominal number of data points
makes implicit assumptions that are rarely explicitly veriped

equivalent to mixed - effects ANOVA
Extensions

Summarization based on Tukey Median Polish (RMA)
Empirical Bayes model for the variance (Limma)

31



Mixed-effects ANOVA 52

Comparing groups with averages over all LC-MS features Is
equivalent to a very specibc instance of mixed-effects ANOVA
In absence of missing runs or features

Observed = Overall + disease + feature + interac- + subject + error
Intensity mean group tion
Yijk = U + Gi + Fi + (GxF)j +  S(Gip *+ Nk
~N 0,"§ ~N 0,7
X X X9 X
G = Fj - (GXF)ij — (GXF)ij =0

i=1 j=1 i=1 =1

| Advantages of the ANOVA form
bt 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
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Can relax of modify the assumptions of the basic
effects ANOVA model (= averaging of features)

Observed = Overall + disease + feature +
Intensity mean group
yijk = K«

~

In presence of Subject is the
Can represent more technical replicates, random effect
complex factorial and add the term OrunO
time course Allow for peptide-

In some experiments (or
proteins) features are highly
consistent, and the interaction
term Is not needed

specific variance
or non-normal
distribution

experiments

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



Statistical goal 1: Testing

Compare mean protein abundances in the underlying popula

(a) Random sample of (b) Noisy measurements

/71dividuals\‘ — \‘

Healthy individuals Healthy individuals
in the study in the study

(a) Random sample of

ﬂdividuam wﬁy measurements

Disease individuals
in the study

Healthy population
(i.e. all healthy individuals)

Disease individuals
in the study

Disease population
(i.e. all disease individuals)

Goal 1:

Test Ho:
mean of all disease patients in
their population
= Useful for validation
mean of all control patients in experiments
their population
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Statistical goal 2: Implies that subjects are bxed

Compare mean protein abundances in the selected patien

(a) Random sample of

/71dividuals\‘

Healthy population
(i.e. all healthy individuals)

~ individuals

Disease population
(i.e. all disease individuals)

(a) Random sample of

(b) Noisy measurements

Healthy individuals
in the study

il

N

Healthy individuals
in the study

(b) Noisy measurements

)

Disease individuals
in the study

Goal 2:

Test Ho:
mean of the selected
disease patients

mean of the selected
control patients

il

Disease individuals
in the study

Useful for initial
screening
experiments
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Reducing the scope of the inference
to the subjects selected into the study

36

Observed = Overall + disease + fea- + Iinterac- + sub- + Random
Intensity mean group ture tion ject deviation
Yiik = u + Gi + K+ (GTF)j o+ * Mk«
I N 0,"°
X3 X X3 X (
G= F= (G"F)j= (G"F)= iy =0
i=1 j=1 i=1 j=1
| Advantages AN

_ _ _ . Subjects are
can produce both group testing and subject quantiPcatioRed effects

most powerful

| Disadvantages

reduces the scope of inference

| Extensions

Feature-specibc variances
Empirical Bayes model for the variance (Limma)
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ANOVA can be used for both testing and quantibcation

| Terms of the model are estimated from the data
Standard software. E.g., for Pxed effects in R:

fit.8542 <- Im( NORM _LOGINT ~ GROUP + FEATURE + GROUP:FEATURE + GROUP/F
normalizedLong.data[normalizedLong.dataSENTREZ == 8542,] )

| Use linear combinations of parargeters for group testing

) L 1. # #f ., 1 ", # o
P=(Q;! Q)+ c (G# F)y! (G# F)o; 0+ = S(G) ) ! S(G) 0

j=1 j=1 k=1 k=1

| Use linear combinations of parameters for quantibcation

.. O
=1 j=1

Standard software. E.g., for Pxed effects in R:

library(gmodels)
pairwiseComp <- estimable( fit.8542, coefficients )
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ANOVA can be used for both testing and quantibcation

| Different coefpcients of the linear combinations correspond to
different tests / quantibcations

| Challenge:determine the right coefbcients

N\

| Use linear Combﬂ\ations of parargé'ters for group testing

e nn s #f #f 0 #rl 11 #{rl 1
B=(81 &) (G# F)y! (G# F)o% Sy ! S(Cly
j:]. le k=1 k=1

| Use linear combinations of parameters for quantibcation
D& = M+ Q, @ Iﬂj (m:)lj + S/(\G‘)ka)
] =1 =1

| MSstats: open-source R package for protein quantibcation
only specify the comparisons of interest

( =+

handles more complex experimental designs Poster: Clough et al.
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Validation of the ANOVA models: controlled dataset

Samplel Sample2 Sample3 Sample4 Sample5 Sample6

MyHo 400 12.5 25 50 100 200
CAH2 BOVIN 200 400 12.5 25 50 100
CYC HORSE 100 200 400 12.5 25 50
LYSC_CHICK 50 100 200 400 12.5 25
ADH1_YEAST 25 50 100 200 400 12.5

ADRBA 125 25 50 100 200 400

» concentrations in fmols / ul

o
o~

&
_ -
~
&
:.
-\
- = - \
o~ - o\
5 N : = | § 22
o / ----"_, [V -’
ﬁ - ’f" g -
Ll N_‘ -
g g 1= g o -

18
1
20
]

16
|
18
|

14
|

Dilution Dilution

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

41

- log ( adjusted p-value )

» concentrations in fmols / ul

Per-peptide OAverageO Mixed ANOVA Fixed ANOVA
=E=882 |_ 2 - |l gs=8=]|L i
25 50 100 200 400 25 50 100 200 400 25 50 100 200 400 25 50 100 200 400

Baseline Baseline Baseline Baseline

Experimental design: Samplel Sample2 Sample3 Sample4 Sample5 Sample6

MYHO 400 12.5 25 50 100
CAH2_BOVIN 400 12.5 25 50 100
CYC HORSE 100 400 12.5 25 50
LYSC CHICK 50 100 400 12.5 25
ADH1 YEAST 25 50 100 400 12.5

ADRBA 125 25 50 100 400




Spike-in dataset: group comparison
Specibcity of pairwise comparisons of mixtures

g_ —— Per! feature model
Average model
—  Fixed model

D I Vixed mode

©

D o

Z °]

)

O "« _

O o

()

0 _

M o]

LL

0 50 100 150
Detected changes
Experimental design: Samplel Sample2 Sample3 Sample4 Sample5 Sample6

MyHo 400 12.5 25 50 100
CAH2 BOVIN 400 12.5 25 50 100
CYC HORSE 100 400 12.5 25 50
LYSC CHICK 50 100 400 12.5 25
ADH1 YEAST 25 50 100 400 12.5

ADRBA 125 25 50 100 400

» concentrations in fmols / ul
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Case study, testing:
Comparison of all groups to controls

Reduced dataset:10 patients / group

Full dataset:50 patients / group

per! feature average = mixed

A
(SN

fixed 13

per! feature average = mixed

(o
(SN

fixed 10

The ANOVA-based approach improves sensitivity
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Case study, testing:
Comparison of all groups to controls

?4
| 2 T Proteins significantly
—— up-regulated as
— compared to the
L 20
E controls
50
,
59
— 2
R - 2
I 23 L
— \__ Proteins significantly
__':1- down-regulated as
N 2 — compared to controls
L\ 48
— 211

o
o —
5 £

Signed p-values adjusted for
multiple comparisons
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Case study: protein guantibcation in individual samples

Correlation of quantification vs independent assay measurements

Full dataset Introduce missing values

Correlation coefbcient of model /

Correlation coefbcient of model / _ _ . ,
correlation coefbcient of OaverageO mod:

correlation coefbcient of OaverageO model

Lo _ Lo |
o o
A
o | Q]
o N
{
To] ]
ﬂ B f - A :
u g TANRY'\\
| é i }/\ /J_\/ff_\
o AN BRA AR AA o u N K A
AN
Lo
Lo ) _
S © I Fixed model
|  Fixed model with feature! specific variances ﬂ :\:/::;Z% r:qc:)%eellw'th feature! specific variances
Mixed model
g . Mixed model with feature! specific variances S Mixed model with feature! specific variances
I I I I I
| | | | | |
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

0.0

Correlqtion coeﬂ?cient
of the OaverageO model

Correlqtion coeﬂ?cient
of the OaverageO model

The ANOVA-based approach improves guality of quantification
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Gene set enrichment: a typical appllcatlon IS to test the
enrichment of GO terms in OinterestingO genes

-

{ Gene

Example: P. Hu et al., Nature Reviews, 2007 xq.m.og;}

. Biclogical process

¥ .
\.

Cellular process £
g )Re«ponst to stimulus

~—

Cell commumcatxon,(h\.- o -
3 4 P ; Cellular \ S—— 2
Signal transduction l" N -~ physiological \ Response to stress
: >  process \ Responseto |

—

N
Intracellular signallung,’ » il \ Py e . endogenous
D s — Ao ) stimulus \
/ € .Cell surface receptor P N Cellular s \
Intracellular /"~ linked signalling /o o e SEE
receptor-med) ated 7 2 { _’_‘_‘e‘ab""s’" = *QR‘ESPO"S? to
signalling ,. @E'\zyme -linked Cell , (_/‘, Cell death 3% S~ Regulation of ._\t\DNA-damage stimulus
, receptor signalling [ cycle § | . celluiar metabolism '\,
Steroid hormone () ' (")Programmed | N\
e ~ Transmemrane  / o “ycelldeath 3 Nucleic acid 3
ignall \ .
receptor signalling \\ RTK signalling / Cell proliferation | | Omeraoohsm QQNA repair
\ ./ /- N ’\.,_
\ / ( JApoptosis | o DNA _TOMMR
Androgen receptor O ORegu{aticn of cell-cycle ,‘,/ P’nosphorus \ mu abolism N
signalling Y progression ~ metabolism \\
e e \) Regulation N ONER
- \ of apoptosis Transcription 'ODN A replication ]
Negative regulation of Phosphate  T7\ | /
cell cycle progression \.Cell -evdle ,.DN(g?t;vc g metabolism | \\.\ ODNA-dependenr /
Y FEguaton \ / N\ DNA replication |
checkpoint \ of apoptosis /
\ o / °Regu|anon of |
: . : Phosphorylation / transcription [
Size: total gene membership . e 4
ey ‘ : ".,\ Transcription-coupled NER

Color: statistical significance of cancer genes Og':;:f(;g;,mm
o T °Regulatuon of transcnption,

Transcription from ,
RNA pol Il promoter DNA-dependent

| Case study: test pre-debPned functional terms based on clinical literature
| Test for enrichment in differentially abundant genes
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Typically used approach to gene set:

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

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

=g k
A X J X X 1O GI0I0I0Ie®

X
LN g identibed proteins
group of n proteins

X 1 f| 9':, f| | Small p-value = the set has more
P! 1 HL differentially abundant proteins than
"0 g 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
OuniverseO

sesfss ooooc

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

seslss iooooc

OOOOOOOOOOOOO

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

Need to be as conservative as possible in selecting the OuniverseO of proteins
(e.g. only the proteins that are reliably identified in the current experiment)



Difbculty Il: severe multiple testing when considering
a large number of tests

|  Repeat the test for each GO term

obtain as many p-values as functions

I A term is Osignibcantly enrichedO 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, bnd 500 false positive functions!

| Modify the p-values to adjust for multiple comparisons

Bonferroni (type | error, conservative): ﬁl*j =min(1, m%)
Benjamini-Hochberg (FDR): g = kmin min %p(k),l
=j,...,m

50
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A more rePned experiment and ANOVA:
selection of replicate types

Y

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
Yii = Group mean + Indiv {Group )iy + Prep (Indiv )k ) + Erkor ik )
I N 0,!2,, I N 0,13, ' N 0,!Eror
! 11
| ' Brep . S | |
Var ! = 2 Indv 4+ __Error =
| # Iindividuals per disease group
J. # sample preps S 3
. ©
K: # replicate runs -
§ - -
g ., | :
© o | I I
- - > | |
A pilot experiment ; ;
- 2 healthy individuals, 2 with diabetes i Q
- multiple sample preparations s - = = =
Biological Sample prep Technical

- multiple LC-MS replicates

Source of variation
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A more rebPned experiment and ANOVA:
selection of replicate types

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

Yiji = Group mean + Indiv {Group )i) + Prep (Indiv )k ) + ErkOr ik )
I N O,! I%]div ' N O,! %rep ' N O,! érror
! 11
12 ! E,rep | 2
| — " Indiv " Error - |1 sample prep, 1 tech. repl.
Var (QH : QD ) 2 + + —— |1 sample prep, 3 tech. repl.

I N |JK
| # Iindividuals per disease group

J. # sample preps

K: # replicate runs

Conclusion 1:
Maximize the number
of biological replicates

3 sample prep, 3 tech. repl.

\\\\\

0 5 10 15 20 25 30

# individuals per disease group



A more rebPned experiment and ANOVA: 54
selection of block-randomized designs

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
Yiiki = Group mean + Block « + Indiv (Group )4 + ErkOr ik )
N 07! élock N Ov! I2ndiv I'N O,! érror

A completely randomized design

| # individuals per disease group Large ! 3, randomized design
# 2 2 ) $ Smalllglock: randomized design
Var (g | 9p) = 2 ' Block T !Inldiv + 1 E o K —— Randomized block design
8
A block-randomized design o
T2 42 ® T
Var (g | gp)= 2 it E 3
E i
>
Conclusion 2:Block-randomize o

0 5 10 15 20 25 30

- If can not control a large source of variatjon L .
# individuals per disease group

- If moderate sample size
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So how many replicates do | need?

If we only had one feature:
Fix: ! - probability of a false positive discovery (False Positive Rate)
- probability of a true positive discovery

A - anticipated fold change
#2 . and #Z,, - anticipated variability

Write:
# | $,

Var " !
¥+ " o) Z1vv + Zgy g2

where z11 1 and z1, /2 are quantiles of the Normal distribution

= solve for the number of individuals |



Difbculty: many features are of interest

But when we have many features:

Fix: q = FDR the OaverageO proportion of false positives
- probability of a true positive discovery

A - anticipated fold change

#2 . and #Z,, - anticipated variability

IMo/ M1 - anticipated ratio of unchanging features

This debnes:

1
1+(1" gq)amg/my

Qave ! (1 ! B)ave é-q

- average probabillity of a false positive discovery

= solve for the number of individuals |

56



So how many replicates do | need?

Example: pilot study with diabetes patients.
A block-randomized design

150

100

# individuals per disease group
50

o

- = FDR: 1% of changes
- FDR: 50% of changes
— Single feature

\.
§.
-
.. .~.
O.. -

1.1 1.2
anticipated fold change

1.3 1.4 1.5

Conclusion 3:

The fewer changes we expect, the larger the sample

size

S/
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Quantitation — Label-Free (MS)
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Quantitation — Metabolic Labeling
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Design qguestion: how to allocate samples to runs”
Allocation of resources in a 4-label workl3ow

(a) Randomized Complete Block

Disease

Replicate set 1

Replicate set 2

aaa

group Block 1 Block 2 aaa
D1 X X aaa
Do X X aaa
D3 X X aaa
Dy X X aaa

| 4 groups or less

allocate a subject from each

group to a run

randomize or systematically
rotate channels across grou

(b) Balanced Incomplete Block

Disease

Replicate set 1

Block 1 Block2 Block3 Block4 Block5 aa

X X X X aa
X X X X aa
X X X X aa
X X X X aa

X X X X aa

| 5

groups or more

systematically rotate group
allocation to runs

randomize or systematically
rotate channels across groups



Design question: how to allocate samples to runs?

61

Allocation of resources In a 2-label workf3ow > 2 groups

(a) Balanced Incomplete Block

Disease Replicate set 1
group Block 1 Block 2 Block3 Block4 Block5 Block6 Block7 Block8 Block9 Block 10 aaa
D1 XL, X1, XL, X1, aaa
D> XL, x|, XL, XL, daa
D3 Xy, Xp, XL, XL, aaa
Da Xp, XL, XL, XL, daa
Ds Xy, XL, XL, XL, aaa
(b) Reference (c) Loop
Disease Replicate set 1
group | Block1 Block2 Block3 Block4 Block5 | aa Disease Replicate set 1
R R, R, R, R, R, aa group Block 1 Block 2 Block 3 Block4 Block 5 aa
D1 XL, aa Di XL, XL, aa
D> XL, aa D> XL, XL, aa
D3 XL, aa Dj XL, XL, aa
D4 XL2 aa D4 )<|_2 XLl aa
Ds XL2 aa D5 X|_2 X|_1 aa

Reference design

allocate a same control subj
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

Poster: Chang et al.
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Compare variances associated with each allocatiol

Balanced incomplete block design
Each sample appears with samples from other groups an equal number of time

A block-randomjzed desqn >

Var (g ! 9p) = 2 —
Balanced mcomplert]e blo/ck design R A 2label BIB
Var (B! B5)= 2 b + | érror . A 4label: BIB
ngnpns e 5 label: RCB
o . S
. # Individuals per disease group _ A
N, Ng, Np, Ns - counts of paired allocations I R
< A A
> A A
A A A A
. _ A4
Conclusion 4:
Larger blocks are more efbcient =6 5 10 15 20 25 30
(assuming same variances in all workRows) # individuals per disease group




—— 2 label: REF
! 2 label: loop, disconnect
! 2 label: loop, connect
A 2 label: BIB

# individuals per disease group

Var (gn ! 9p)

Compare variances associated with each allocatiol

x 2 label: REF
I 2 label: loop, disconnect

x ' 2 label: loop, connect
A ?label: BIB
X
X
u
X
A T
! X
I X
. 0 %x
A X &
I ! X X
'AI ' u
) -AI 'A" Lo
T A
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Key points

Statistical reasoning should be applied before and after
collecting the data:

A good experimental design:

# avoids bias

# Improves efbciency (i.e. reduces the variation)
A good statistical model:

# states and veribes the assumptions

# Improves sensitivity and specibcity

Methodological framework is already in place
Traditional statistical methods go a long way, If used correctly
Recent methods developed for high-dimensional data are usef

However new specialized methods for MS-based proteomics
needed

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