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Real Dataset #1

CACTI study

U Goal identify putative urine biomarkerfor diabetic complications,namely End
StageRenalDiseasg ESRD)with nephropathyand CoronaryArtery DiseasgCAD).

U Threecategorieof subjectsbasecbn their clinical status G = 3 groups

GroupFactor
Control | Diabetic| Albuminuric
© ©) (A)

1 7 7
2 s 8

(i LC-MS proteomicdataof urine samples
p = 914variables(peptidesor diffsets)
n = 3x3 = 9independensubjects,
No technicalreplicates 3x3 = 9 randomizednjections (LC-MS runs)

Real Dataset #2
IPS study

U Goal Biomarker discovery To identify the proteins that are involved in the
development of Idiopathic Pneumonia Syndrome (IPS) in patients following
allogeneicStem Cell Transplantation(SCT), namely Bone Marrow Transplantation

(BMT).

{i 21 2 factorial designwith repeatedmeasurementsn 1 factor. 2 groupsof BMT
subjects(units) basedn their progressiorto IPS

Time Factor

day 0 | day14
Non-progressors : f
(control) H

Group
Factor

IPSprogressors 5

i LC-MS proteomicdataof plasmasamples
p = 1088variables(peptidesor diffsets)
n = 2x6 = 12 independensubjects(24 paired plasmasamplesanalyzedin a
longitudinal study)
No technicalreplicates 2x2x6=24 randomizednjections (LC-MS runs) 4
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Fold Change vs. Statistical Test

Q: How to determine differential expression of a variglteene, protein, peptide, SNIPs,

mi RNA j®#) 1pbeétween two experimental conditions?

U In scientific discussion, a variable is likely to be considered differentially expressed if i

expression level changes by a certain @

U In formal statistical terms, a variable is differentially expressed if its expression level
changes systematically between two experimental conditions. In statistics, this is done Y
by a standard tweidedtest:

§H, : differential expression (peptife ) beten two treatments S=1..p

% H,, : differential expression (peptide ) beten two treatments

U Is one procedure better than the other?




Fold Change vs. Statistical Test
Ranking of peptides by Fold Change (F&xample with Real Dataset #1

Example From CACTI study

Fold Change vs. Statistical Test
Ranking of peptides by Fold Change (FC)

U Definition: M = Log,(FC) = Log(Group D)- Log,(Group C)
U Property: Fold Change = @ Not Regulated
(i SignificanceThresholdRule : FC O 2 or [Eg( PCN) 20 1

Scatterplot between groups C & D MA plot between groups C & D

o] Foan T om] Fomm
GroupFactor - . 1
Control Diabetic| Albuminuric 219 i -
C D] A) -
©) ©) (A) peptide - 5 Fc=2
T 7 7 discoveries io
: : s by FC e ¥
HEE: lrc=12
§ .
Group & Overnt Avarags (A)
7 FC=12 8
Fold Change vs. Statistical Test Fold Change vs. Statistical Test
Ranking of peptides biystatistic ) Ranking of peptides biystatistic )
U Definition (two-sample- equal var- balanced groups):t = Log,(FC)/se[Log(FC)]
U Property: t=0é Not Regulated
U SignificanceThresholdRule : o 2
i Null distribution: t., e e g £4 D
hul distribution of t-statististics_— NUI| (theoretical tals
- Null (empirical.) -
How do we know what is the null distribution? FN (by Fc)t .
(=
Eitherassume a theoretical null distribution 3 i o — FP (by FC)
(e.g.:t,., with n- 2d.f)), or use a permutation ; t=2
; it i Observed :
method to estimate it: i 159 peptide discoveries Y
Forb= 1B é, by t-statistic
Arandomly permute the two groups “1 '
labels 1 2
Afor each variablg re-compute the FC=12 FCE2
null t-statisticst?: 1Y I T 1
Pt =1 p Log At ()
9 10
Fold Change vs. Statistical Test Fold Change vs. Statistical Test
Ranking of peptides bg-value 6) Ranking of peptides by-value )
0 Definition (equal variance balanced groups): p="Pr(t,] t| P is true) vz plot batween groups €4 0
U Property: ~ FPR(aka type | error rate) + FCoam q
0 SignificanceThresholdRule: pO 0.05 ; : b \
B B =~ FP (by FC)
U Any test of significance can be convertegptaalues i p=005
i
- - . N ° = FN (by FC)
U The significance cubffs are always of the form: Rejectplv al ues O t f o 40 peptide discoveries g
by p-value 2
0 Get the same ranking if we use
L L . . . 5 FC=12 FC=2
(a) the original statistics and null distributions or 2 B N S —
(b) their corresponding-values Log Faso (M)
1 12




Fold Change vs. Statistical Test

Example

U One immediately sees the discrepancies of calls between FC and test statistic.

U Example of a False PositiveR) and a False Negativ&N)) on two extreme cases:

3 FP a8 FM paptiss

e ™
PGASPOAI PRAS pupsinegen 3, aroup | FCGBP IgaFe-biring peotin precursor

FC consider the
magnitude of
change regardles$
of how large the
variance might
be.

——
-—

Fold Change vs. Statistical Test

Summary

U Disadvantagesf using Fold-Change(FC) ratherthanteststatistics
AThenull andnonnull distributionsof FC areusuallyunknown,sothe cutoff value
usedasa thresholdin FC is arbitrary andmethodsusingit aread hoc
AThe FC cutoff does not take variability into account,so thereis no statistical
confidence that the variables will achieve the same FC threshold in future
experimentsor studies
AFC do not give estimatesof FP or FN (morelater)
AFC do not allow to control the FDR (more later)

However

0l Using FC gives assurancethat the differences found are large enoughto be

biologically meaningful

0 Recentstudieshaveshownthat combiningstatisticalsignificanceand magnitudecan

Groups roun
FC :_2-_29 FC :_0-_62 improve reproducibility of resultsacrossplatformsandexperiments
t-statistic = 0.67 t-statistic =-4.52
-value = 0.55 value = 0.01
P P 13 14
Outline Statistical Modeling
Linear Model Approaches
- 0 Linear Modelsaccommodate wide variety of experimentablesignsand complexerror
U Fold Change Revisited
structures
U Statistical Modeling i Linear modelanalysisof large omicsdatais performedeitherunivariatelyor jointly for
@ Controlling Error Rates all the variables(genes proteins,peptides SNIPs, miRNA,¢ )
AOneapproach's tofit asingle6 g | dibear mddelsi reouslyfor all the variables(Kerr
@ Improving Power etal 200Q 2003.
Aanother commonapproachis to fit a separatdinear model to eachvariable independently
i Model Selection Solutions ip>> n Situations Wolfinger (200); Yanget al. (2003; Smith(2004; Cui etal. (2005.
Joint modeling: Univariate modeling
Atends to providenore flexibilityin terms of Ainferences for a variable assumed
how parameters are fitted and estimated independent of other variables
Atends to benore powerfuldifferences in Adesigned to accommodate different variances
d.f., joint vs. univariate estimation of all across variables
variance components, use of different Asimpler to specify and to fit
contrasts) Acomputationally practical
Aallows model evaluation Apoint estimates of expression differences tend
Aassumes all equal variances across variableso vary little from the ones produced by the
15 joint modeling approach 16

Statistical Modeling
Linear Model Approachesé Uni vari ate6 ANOVA model

U Variousmodelingapproachesavebeenstudiedin microarraydata The initial way has

beento fit aunivariatemodel An ANOVA formulationfor microarraydataincludes:

o= Bl\g Vi e @

Variety,

Intensity”  Mean  Array, Dyg genespediic efiectin =110
Of genegon arrayi  overall gene gene gene Speciio exp. varety | genespecific residual
from dyej in exp. varietyk specific specific  specific (to be decoupled into (unexplained) variance
(ageneric term for the different eflect aay (spot) dye eflect  everal factors) unaccounted for
RNAs varieties) effect  (200l01S) = effects of interest
GThe model is applied separatepgci brce

Note that the subscrigtappears in every term in (1) and can be dropped.

Statistical Modeling
Linear Model Approaches6 J oi nt ( Gl obal ) 6 ANOVA mode

U An alternativeapproachin microarraydatais to fit a6 g | ontodelindhatit appliesto

the datafor all the genesatonce A commonwayistofit ad t «& ® aAN©A modet

=m B (A + @
normalizationmodel ‘y“k‘-’ ) '(3 fot @

(overal effects)
Intensi Mean Array, Dyg  Channgf Residual
Of genegon arayi  Overall mean  Qveral Overal  Overall Dyg by Overall residual
from dye] in exp. Varietyk array effect dye effect  Array; (labeling (unexplained) varianc
(2colors)  reaction)effect unaccounted for

U Note the subscripg does not appear in any term of (2) (except residual): these terms]

gl obal 0 effect sgoss@yenescr i bi ng variation

['=m tAG), ¥, g O

genespecificmodel / Variet

(genespecific effects) I\ﬁlean eneAEraaryvla Gene ny):zkxp gEe:LS:E‘mﬂc residual
overall gene - Gene Y B9Y  varietyk effect (unexplained) variance
specific effect flect "

(to be decoupled intoynaccounted for
several factors)

= effects of interest
18




Statistical Modeling
Linear Model Approaches About Univariate Modeling Assumptions
U Univariatemodelingassumeshatinferencegfor a variablecanbe basedndependently

of othervariables

i In omics data, thereis usually not enoughsamplesto get an accurateestimateof the
error variancefor individual geneg(acrossthousandof genesmanywill havesmall error

varianceshy chance)

i Empirical evidencesuggeststhat a univariate modeling approachegend to lack of
power ( 6 f mlegatandleadtp 6 f ap s =i twhen diffefential expressionis
assesse(Efron etal., 200; Tusheretal., 2001, Ishwaran2003 Smyth2004).

U To getaroundtheseproblemsandproducemore robustinferencesijt is imperativeto:
R

rasempirical B ore later)

Aperfon dvar proceduredeforehand

Statistical Modeling

Linear Mixed Effects Models

U Thelinear modelassumegi) a singlecomponenbf variance(g , and(ii) independent
andidentically distributed(i.i.d.) observationslt doesnot allow for multiple sourcesof

variation nor doesit accountfor correlation among the observationsthat arise as a

consequencef different layersof variation

U To addresghesesituations mixed-effectsmodels

U The mixed-effectsmodeltreatsomeof the factorsin an experimentatlesignasrandom
samplesrom a population we assumehatif the experimentvereto berepeatedthesame
effectswould not be exactly reproducedput that similar effectswould be drawnfrom a

hypotheticalpopulationof effects=> model thesefactorsassourcesof variance

20

Statistical Modeling

Linear Mixed Effects Model$ Random Effects?

0 In mixedmodel ANOVA, therearemultiple levels of variances biological variation
(subjects,patientsé ), technicalvariation (arrays,runsg ), blocking factors,between

experimentalgroupsvariability, residualsetc..

U Usually,all experimentalinitsandbiological replicatesaretreatedasrandomeffects

aswe think of themasbeingrandomlyselectedrom amuchlargerpopulation
U Usually, arrays (AG effect) are treated as treated as random factor in ANOVA model

0 Use randonreffects models to account for correlations structures:
Alongitudinal data (repeated measure data)

Aclustered or stratified data
21

Statistical Modeling
Linear Mixed Effects Models Examples of Applications

( Some recent examples in microarray data:

Akerr et al. (2002) observed spotspot variation that was normally distributed across genes.
Awolfinger et al. (2001fits separate models for each gene but model the individual channels]
two color microarray data requiring the use of mixed linear models to accommodate the
correlation between observations on the same spot.

AChu et al. (2002proposes mixed models for single channel oligonucleotide array experimer]
with multiple probes per gene.

ACui et al. (2005) treats the individual arrays and mouse biological replicates as random eff

22

Real Dataset #2
IPS study

U Goat Biomarker discovery To identify the proteins that are involved in the

development of Idiopathic Pneumonia Syndrome (IPS) in patients following

allogeneicStem Cell Transplantation(SCT), namely Bone Marrow Transplantation
(BMT).

(i 2I 2 factorial designwith repeatedmeasurementsn 1 factor. 2 groupsof BMT
subjectg(units) basedn their progressiorto IPS

Time Factor
day 0 | day14

Non-progressors
(control) .

Group

Factor :
IPSprogressors B s

i LC-MS proteomicdataof plasmasamples
p = 1088variables(peptidesor diffsets)
n = 2x6 = 12 independensubjects(24 paired plasmasamplesanalyzedin a
longitudinal study)
No technicalreplicates 2x2x6=24 randomizednjections(LC-MS runs) 23

Statistical Modeling
Mixed ANOVA Models of LCMS Proteomics Dat&Example From Real Dataset #2

U Approach #1: fit a separate model for each pepfide 1 p) @ith req. precautions

 The model would include the fixeffects of interest:

Athe group effect
Athe time effect
Atheir interaction

U The model would accommodate randeffects:
Athe subject biological variability
Athe within subject (serial) correlation of observations from same subject at different times
Athe random technical variability associated with the sample preparation (requires tech. re
Athe residual random technical variability associated with the instrumental LCMS elution
spectrum run + measurement errors

Athe within protein correlation between multiple peptides belonging to the same protein
Athe subject by time interaction (random slepequires tech. repl.)

Group:g=1,2

Time: 0,14

Subjects (units)i= 1, é, 11

Replicates : (e.g. 3 tech. sample preparations)
Proteinsq= 1, é, 133

24




Statistical Modeling
Mixed ANOVA Models of LCMS Proteomics Dat&Example From Real Dataset #2

U Let Zy, =t(Y,,) be the expression intensity of'tiweptide (= 1p) @n the

gicj
transformed scale after normalizatieariance stabilization. Ideally, a mixedfects
model for the expression of tfjie peptide is:

Zua =) 71 & T (G SRyt P 4

L )

Y Y
Fixedeffects Randorreffects
. 2
Group effect Gy S, Subjecteffect S ~ NO.S5)
Time effect T Ry Sample effect Ry, ~ N(0,53)|

Statistical Modeling
Mixed ANOVA Models of LCMS Proteomics Dat&Example From Real Dataset #2

FOi by eliact (FOR some

Interaction effect (GT),; P, Protein effect P, ~ N(0,s7) B .
i With usual assumptiong,,, ~ N(0,S) ant; " Ry S "F . i
E(Zgncu): m {391 -fJ (QT)QIA
—e2
var(Zy,)=si +& +5 s+ 25 2
Statistical Modeling Statistical Modeling
Mixed ANOVA Models of LCMS Proteomics Dat&Example From Real Dataset #2 Mixed ANOVA Models of LCMS Proteomics Dat&Example From Real Dataset #2
Venn diagrams of main effects and interaction effect
a3 ey e it e ot It e e
Volcano plots of interaction effect
FDR controlied peptides highlighted (FDR <= 0.1)
/ y ros “‘_,':L_\ i it
r\ o) (= /
[—— —— 3
W o T et e T et e )
(=) (=) =
\"—'/ \"—"/‘ 10 0s o0 0s 10 ] 1 2 3 4 s
£t Log Foia Carge () Postenr Gimgara Gevaton
27 28
Linear Mixedeffects Models Outline
R Implementations
LMM o P
U Fold Change Revisited
U Statistical Modeling
R _package oOmaanovad
-R_package 6nl med read.madata()
Ime() Reads in the data and make an object of class madata U Controlling Error Rates
R _package 6l medd Fitmaanova() .
Imer() Fits the mixed ANOVA model U Improving Power
New implementation from same authors (D. Bates)
Provides more flexibility and extensions to GLMM Resiplot() . . . o
Residual plot of the residuals versus fitted value i Model Selection Solutions ip>> n Situations
-Bioconductor R package 6l i mmad
ImFit() matest()
Analysis = mixed ANOVA model Inferences by permutation tests and FDR adjustements
To be used with options: (based on the Jam&sein shrinkage estimates of the
- block = biological replicate blocks error variance)
- correlation = a consensus (robust) average of the
individual correlations within the blocks.
duplicateCorrelation()
Estimates the correlation between repeated observations on the
blocking variable. The correlation is estimated by fitting a
mixed linear model by REML individually for each variable.
Itis to be used as input for ImFit()
29 30




Controlling Error Rates
Multiple Hypothesis Testing Possible Outcomes & Errors

U Traditional measures of errors committed from multiple testing oéill hypotheses :
Hoy, Hoz € Hop with independent test statistitg T,, €T,
AV = which truly null hypotheses are called significant
(# false positives type | error)
AT = which truly nornull hypotheses are called reignificant

(# false negatives type Il error)

Controlling Error Rates
The Multiplicity Problem- Example From Real Dataset #1

U Two caveats
ANot controlling for multiplicity by FWER= Pr(v O1) is too lax:
working at a = 0.05, (m= p hypothesesjve expectp*a =914:0.05=457,i.e
onaveraged5 (statistical)discoveriegpossiblyjust dueto chancealone Notice

thatwe foundearlier40 peptidesdiscoveriesSo, ALL of themmayjust be due

to chancealone !
(AcceptH,) (RejectH,)
Hypothesis Declared Non Declared Total X o X -
Significant Significant AControlling for multiplicity by FWERIs too restrictive
True Null Hypotheses V] \% epr Mo working ata = 0.05, any single comparisorhasto besignificantat
Ho (e teren a/p=0.05 914 ° 5.5e-05 =0.0000 to makeit to thelist of discoverieé !
True Alternat . Hypotheses T S m;
H, (Type Il error) FNR
Total w R i U Alternative?usea tradeoff: FalseDiscoveryRate
31 32
Controlling Error Rates Controlling Error Rates
False Positive Rate vs. False Discovery Rate False Discovery RatésFormal Definition
(AcceptH,) (RejectH) {0 Let the error in the entire study is measured by the sample quantifined as
Hypothesis Declared Nor Declared Total theFalse Discovery Proportionor FDP, i.e. the proportion of false discoveries
Significant Significant among the discoveries: Qz?'\//R R> (
True Null Hypotheses u v FPR to R=(
HD (Type | error) -‘
True Alternat . Hypotheses T S g m, i Benjamini and Hochberg (1995) define fh@ise Discovery Rate
Hl (Type Il error) E éV
Total w R 2 m IFDIR=(E1C) ngql R & ﬁr(R G

U False Positive Ratés the rate at which truly null hypotheses are called significant
FPRo
m

U False Discovery Rateés the rate at which hypotheses called significant are truly null

FoRo ¥
R 33

U This is usually appropriate because one wants to find as many truly differentially
expressed genes as possible with relatively few false positives..

U This error rate is adaptive and scalable: e.g. inspecting 100 hypotheses:

A2 false ones among 50 discovered is bearable, but 2 false ones among 4 discovered i
unbearable

Arhe same argument holds when inspecting 10,000 hypotheses

34

Controlling Error Rates
False Discovery RatésEstimation

U The following -value) linear step up procedure strongly controlsFBR:

ACompute the observqﬂvalues{ pm} of the tesLi[Hm}

m m
j=1 j=1

Aorder thep-values: py, ¢ )+ ¢p,
Alet lE:argma>§ék ‘R «;rk;a
i

16k an

AReject the null hypothese%HD‘}IE correspondingp(t‘?}(E
= =

U If tests statistics aradependent and continuoui guarantees independently of
mythat : oR="bs ¢a If independence cannot be assma;ﬁa [F]

m m
(Yekutieli, 2001)

35

Controlling Error Rates
PossibleFDR Goals(storey 2002, 2003a)

1) Either fix the rejection region beforehand

For some prehosen significance catff U, estimate FDR so 1haEgF5R g FDR
pvalues FDR

AThis calculates the maximum estimafe@lR among allp-
v a | ule whicldis equivalent to estimating the FDR when
P calling allp-v a | ulsignifiéant.

AMore appropriate if on an exploratory or discovery path.

Py

Pw=a —> EFOR

2) Or fix the error rate beforehand

For some prehosen FDRJ estimate a significance eoff so that on averagE[E?tI: a

(REE || (ER AThis calculates the largeptvalue cutoff with estimated
Pu) F D R U @hich is equivalent to estimatingpavalue cutoff
e for controlling a given FDR levell
AMore appropriate if a minimum number of null hypotheseg
- are to be rejected and a certain average FDR is
Py < FR=a required.

36




Controlling Error Rates
PossibleFDR Goals- Example From Real Dataset #2

Controlling Error Rates
PossibleFDR Goals- Example From Real Dataset #2

Group contrast: IPS vs. no IPS

Fixing the rejection region beforehand Fixing the error rate beforehand
D vl 5
Tl a5 2 :j::;u s oo 45
2 |diffset 2549 | 0.00048327] ffset 2549
Example From IPS study e e e a758 | ¢
9
I oot 488
7 ifiset 1747
Time Factor | o 8 [diffset 560
9 Jifiset 278 | ¢
I 10 fiftset 731 | ¢
day 0 | day14 11 |diffset 378
12 fset_462
13 [difsel 1800
R H 0.00249781 14 2t 330 0.00249781] 05798502 2
Nor-progressors. | : 0.00275068] ['15 Jifeet-631 |0 0os7soes 00sstmsas] FORE 5
(control) . . -
Group 5 5 | 13 peptides|
| are
Factor |diffset 196 | 0.04865778] G 1
g g Jifiset 27| 0.04012072]
7 7 fset_1442 0.0501880 14
IPS progressors H H set_ 1103 | 00502451 il
© I set 241 | 0.05180971] 107 peptlde#
} |
37 38
Controlling Error Rates Outline
Some R Implementations
U Fold Change Revisited
U Statistical Modeling
U Controlling Error Rates
U Improving Power
;ﬁg e 6statsd U Model Selection Solutions ip>> n Situations
-Bioconductor R package 6l i mmad
topTable()
In both use option method ¢bonferroni®, "holm", *hochberg’, "hommel”, "BY", "BH" )
39 40
Improving Power Improving Power
False Discovery Rate Limitations False Discovery Rate LimitationsExample From Real Dataset #1
0 Our proteins revisited : example of a False Positie) @nd a False Negativ&N)
in group contrast BC: e ot 1 1
- .o 3 FF s P paptoe
Example From CACTI study v B
PGALPGALPAAS pepsinagen £, groug | FCQ8 gaFe-binding peten prosursor
GroupFactor
Control Diabetic| Albuminuric H
© (D) (A I
H
T T 7
2 s 8
3 6 9 —
—
Groums -
FC=2.29 FC=0.62
t-statistic = 0.67 t-statistic =4.52
p-value = 0.55 p-value = 0.01
41 FDR=0.84 1! FDR=0.75 1 42




Improving Power
False Discovery Rate LimitationsExample From Real Dataset #1

U Group contrast BC of our example:

FDR=37%
D palues FDR T

1 diffset_662 0.00041610| 0.37782643

2 diffset 2166 0.003572] 0.74669888|

3 diffset_287 0.00428560 0.74669888|

4| aifset 120 | 0.00718429] 0.74669688

5 diffset 771 0.00930795| 0.74669888| N

6 | difset 2331 | 000932022] 0.74669888] The adjusteg-values tend to be ver

7 diffset_368 0.01128995) 0.74669888| diSCreteandIal'ge

8 diffset 921 0.01201033| 0.74669888| :

9 diffset_805 0.01283619| 0.74669888|

10| diffset 1070 0.01346314]  0.74669888| Y None of them would pass e.g. a
11 diffset 73 0.01555635| 0.74669888| ~

12| difset 106 | 001633154 0.7a60088d accepted level FDRO 0. 38!

Y Is it real that strictlyno peptide is
592| diffset 220 | 0.54703178]  0.83566857] differentially regulated in contrast-Dj
503 diffset 3502 054716208]  0.83586857| — 3804 999
594 diffset 1338 0.54739668| 0.83586857| C belowFDR = 38% 7?7
595| diffset 631 | 0.54773326] _0.83586857]
596| diffset 3998 0.55128760)| 0.83988111
597| diffset 309 0.55635909] 0.84313077|
598| diffset 348 0.55766727 0.84313077f
43

Improving Power

False Discovery Rate Limitations

U In the context of massive multiple hypotheses testing, and/or if there is not very goo
evidence for differential expression, it is quite possible for all the adjpstatiies to be
very large (and discrete), even for all of them to be larger than the accepted level of F[J

even equal to 1 if the smallest (unadjustedjalue is greater tham/m !

i What are the problems when doing massive (m >> 1) FDR-controlled multiple
hypothesistesting(e.g. massivelifferential expressiordetections)?
Y Overconservativenesmdlack of powerof the FDR procedure

Y Unrealistic independence assumption (increased FPR)

i What to do (in a first step)?
V Reducem by improving preselectiorprocedures.
V Use regularization and adequate (non global) variance stabilization procedures.
AUse False Discovery Rate Extensions (next)
AUse empiricaBayes(later)
AControl the statistical power (later) 44

Improving Power
Positive False Discovery Rat@rey 2002, 2003a)

U J. Storey in 2002 defines tR®sitive False Discovery Rate:

U The term 6positived
occurred : PR 19=1.

me a one positiveinding havieg ¢

U Initial justification for droppingFDR andFDP: Since no one is interested in tmg=m
situation where all null hypotheses are true BBR = 1, Storey argues thaEDRis a

more satisfying measure of significance

U In generalpFDROFDR, but i n emiglargedso RRQ1s) 6 &d alt aa
FDRA pFDR

45

Improving Power
Positive False Discovery Rat@rey 2002, 2003a)

0 Testing ofm null hypotheses Hy;, Hp, € Hy, with independent test statisti@g T,, € T,

N §0 ifH,, is true i _id .

ULetH, =j o the H are independent Bernoulliti; ~ Ber(p,) with
' 11 ifH,; is not trw

PrH, =0) 7, forj= 1mé,

i Let Gbe the common rejection region for each single test, thepRB& can be written in
such a simple way:

Theorem: |pFDR(G) :52@| RO G-§PI(H  OF for eachj =16 ,m
&R(G) u

andusingB a y mile ibderivesthat
PP GH, #)
FDR(Q=————+—"—
PFDRG Pl g

where P i Q p, P 111§ 0)= (1 #)PT Hi @ .
4

Improving Power
p-values vsg-values(storey 2002, 2003a)

U Suppose we observe realizatidns t,, T=t,, € T,=t,, of the test statistics.

Thep-value of an observed test statisfje t; is by definition:

p-value; T2t H;

U By previous theorem:

[PFDRUT? P=Pr(H 8IT 1]

U Bayesian interpretationpFDRis a Bayesian analogue tother a | ue ( frpalsm g

a7

Improving Power
p-values vsg-valuesstorey 2002, 2003a)

{i FalsePositiveRate => p-values‘ p-valueg; )= PrT 2t |Hy is true ‘

ATh p-valueis a singlehypott ireof significanceof theteststatisticin termsof the FPR

AcCanbe describedasthe probability the statisticis significantgiven the null hypothesiss true &

pi ility atruly null ici nethar vedone

U FalseDiscoveryRate=> g-values‘ g-valueg; )= Priy; is trueT 2t ‘

ATheg-value is iple hypott of si

the test statistic in terms of the

pFDRassociated with each hypothesis. This is NQJFBR-adjustedp-value!
AcCan be describedas the probability a null hypothesisis true given the statisticis significanté
probability amore extremestatisticis truly null.
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Improving Power
Positive False Discovery Rateg-value Estimationstorey 2002, 2003t

i All rejection regions are of the for® =g for0spmegO 0 pa rahdertp-value
resulting from any test. Let, =m,/m be the proportion of truly null hypotheses. J. Sto

showed that: For a norrandom significance
pFDR(g)=—22. 4 thresholdg pFDR(g) denotes the
Pr(ptg) pFDRwhen rejecting all null

hypotheses with-v a | ugs O
U Since the largest (nulf)-values are most likely to come from the null, uniformly

distributedp-values, a conservative estimate of the proportion of truly null hypotheses is

given by : - #p >/} For some welthosere: In
B )=——~ practice, get a crude estimate of it
mat /) (more later).

U Anatural estimate of P O9) is: ﬁr(p ttg):M
m

U Therefore, a good estimate gfFDR(9) for fixed ais: pFISR’(g): :En;gg) =ﬁ'
i 49

Improving Power
Positive False Discovery Ratey-value Estimationstorey 2002, 20030)

U Connectiorto the sequentiap-value methodof Benjaminiet al. (1995. Recallthe linear
stepup procedurewhich allows usto fix the error ratebeforehandandestimatethe rejection
region

AOrder the observep-values: Py ¢ Py Py

AL et (if=argmafk :p, ¢ mp} Py ¢ Poy e P a
1k en

_&py

U Since pFIﬁ?(g):i'ﬁm 9y pFDﬁ m) m

#Hp ¢cg

ALetting E:argmev{l PFR @) aa} fs:arglnw{l Py, ¢Um y/ &g}

L
AAnd rejecting Puy ¢ Py ¢Rg

ii Then IE<| whem, is estimated , which means increased poweDR), whereas

E=1 B 4(FDR)
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Improving Power
Positive False Discovery RateAbout Power- Example From Real Dataset #1

Example From CACTI study

Eatianion of s 5. of iy sk Pypihses by ortrant

Improving Power P e -
Positive False Discovery Rate :
i Estimation ofp, (storey 2003b)

o il

mdn #)

GroupFactor i _How to pick (a crude) .
Control | Diabetic| Albuminuric estimate ofo, : =% P
© ©) (A) Choose/ to optimize the bias k) .
variance tradeff. Use N . )
2 s ! min[&5( J] between 2680% :
3 6 o perc. of/ (can also minimizes Tt
MSEI#; ( )] (Storey 2003b) ot 1.0
The null (largestp-
U If pyis not estimated i.e. setto  “ | . values ~ uniform
1& /=0, then this is equivalent 7| % I distribution.
to theFDR controlling procedure . \\_‘\‘““ . \
(BH) proposed by Benjamini et } : = ih, Srassias
5 al. (1995). A SR
Improving Power Improving Power
Positive False Discovery RatePower Comparison Positive False Discovery RatéPower Comparison
FDR conwolie descavariss by contrast and by mathod
U Our CACTI study exampledetermine the proteins differentially expressed in all 3
. i Our CACTI study example: | g |
groups of subjects groups C, D, A. ; |
i i
| e § ]
Cont.| D-C AC AD - . | F ]
i pFDRhas a greater power than the | Procedure U Results whepFDRis 1 ;; s |
a - ! -
FDR (therefore less conservative), 001 0 1 0 controlled at level = 0.05 i . )
Bonferroni
mainly due to the estimation pf onerent| 005 0 g 8 )
0.10 0 10 12 VR R e a—
0.01 0 1 0
BY 0.05 0 1 9 o =
0.10 0 24 23 n
001 0 20 20 f3 -
ELl 0.05 0 153] 185 . 8 W, )
0.10 0 311 331 : g
0.01 0 70| 202] H H
& 0.05 0 375|528 & L
0.10 0 513 700
53 ap  wz o s ds 1o o dz da s o gy

FOR cut-ot YR cut-oft




Improving Power
Use of Empirical BayesRationale

U Empirical evidenceaboutunivariatemodelingapproachesf differential expression
suggesthat

Aleadtomanyf f af cssei t(Efronetsld 2001 Tusheretal., 2001).

Alack of power (Storey, 2002 2003, 2003)

U To compensatetakeadvantagef the parallel natureof the high-throughputdataby
borrowinginformationacrosssimilar or all the variableg(regularization)whichin turn

canassisin inferenceabouteachvariableindividually.
U This caneasilybe doneby applicationof non-parametricempirical Bayesmethods
andestimatorglerivedfrom them(so calledmoderated=-, t-, andB statisticsin which

posteriorresidualvariancesareusedin placeof ordinaryvariances)

56

Improving Power
Use of Empirical BayesRationale

i The moderatedstatisticsare shownto follow distributionswith augmentediegreesf

freedom,which resultsin greaterstatisticalpower (Smyth, 2004.

i The empirical Bayesapproachappliedto varianceestimateis equivalentto shrinkage
of the residualsamplevariancesowardsa pooledestimateresultingin far more stable

inferencewhenonly few samplesareavailable(Smyth, 2004.

U This methodis particularlyappropriate
Afor detectingdifferential expression(Lénnstediet al. 2002 Ge 2003 Smyth, 2004,
Ain the caseof scarcityof samplesasis alwaysthe casein high throughputdata(Smyth,2004).

56

Improving Power
Use of Empirical BayesExamples

0 Theideaof usinga moderatedstatisticwith a Bayesiaradjusteddenominatohasbeen
usedin a numberof methods A commonalityto eachof the following methodsinvolves

shrinkageof the samplevarianceto a global valueby a form avarianceregularization

U Empirical Bayesapproachesvere used(e.g. to identify differentially expressedjenes)

in the contextof unequalvarianceswo-samplet-testfor estimatingpopulationvariances
Aby a weighted mixture of the individual gene samplevarianceand an overall
inflation factor selectedusingall genes(Baldi et al. 2001).
Aby a pooledsamplevariancesinflated by usingan overall offset (6 f u f g e)t o r|
(Tusheretal. 2001, Efron etal. 2001, Broberg2003.

U Shrinkageestimationwas usedin Wright & Simon (2003; Smyth (2004; Cui et al.
(2009 andJietal. (2005.
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~Varable

sam:ple

U We considera datasebf n observationandp variables(e.g. genes proteins) Let Y;; be
theexpressiomeasuremernf ji variablein insample Let Y, =(Y,--Y,--Y,)  bethe
univariateresponsevector for eachvariablej = 1,é , p.

Improving Power
Use of Empirical Bayes Setup(smyth, 2004)

Ui We considerthatalinear modelis fitted for eachvariable j : Y; =XU, +{
We assumethat Var(Y,):q %‘f W\. Fromfitting we getthe estimates E‘and_{f st.

Var(@)=£y

U Supposewe areinterestedn testingc = 1,€ , r contrastsof interest b, = [_Jl

whereL is a(nxr) contrastmatrix (r = rank()). Thecontrasestimatorsreﬁ = [El with
estimatectcovariancematrix: Var(gl):f L v .Denotebyv,forc=1¢,r,thech
diagonalelementof the (r x r) matrix L'V L.

U Wewanttotest H,, ;: b, =0, forc=1¢ ,r.
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Improving Power
Use of Empirical Bayes Hierarchical Modelsmyt, 2004)

Ui The goalis to describehow the unknown coefficientsb; and unknown variancess?,
vary across variables This is done first by assumingprior distributions for these
parameters

1. How thevariancesareexpectedo vary acrossvariables

Ysi - 6/d &
2.How thenonnull contrastgcomparisonsyary acrossvariables
byl .f, 2 0 ~ N(Oy ‘2:

U Let d; is the residualdegreesof freedomfor the linear modelfor variablej. Underthe

abovehierarchicalmodel, Bayesrule => the posteriormeanof 5‘?| E is:

2 = The point estimate for the prio|
§2= E( _72 | 3) M < | is aweighted average of the

! dy+d, sample estimate and the prior
estimate
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Improving Power
Use of Empirical Bayes Moderated Statisticgmy, 2004)

U Define a moderatetistatistic: The added d.f. reflects the extfa)
information which is borrowed
from the ensemble of variable:
for inference about each

individual variablej.

The posterior residual
standard deviation is now
used instead of the usual
sample standard deviation.

U Advantageof moderated-statistics: large moderatedstatisticsare lesslikely to arise
merely from underestimatedsamplevariancesthanksto the weightedmoderationof the
samplevariances small samplevarianceswill be heavily moderatedvhile larger sample
variancedo alesserdegree

Y More stable(regularizedjpopulationvarianceestimates

60
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Improving Power
Use of Empirical Bayes Moderated Statisticgmyth, 2004)

U Similarly, the moderatedinferential approach extends to accommodatetests of
compositenull hypothese@nvolving two or morecontrastsimultaneouslyOnecandefine

amoderated--statisticwith addedd.f. dy+d;:

F

Tdod,

U And a posterior odds statistics (against the null), which can be reformulated in terms

the moderated statistic and posterior residual standard deviation:

- - - 2 ~
B, =log(Q,) m?# va E%ﬁz

< _Pr(b,, O|f, B
where O ='(’7W
Pr(b, =0l{;, &)

with respect to contrag; (e.g. geng is differentially expressed in contrazt

is the posterior odds against the null

Improving Power
Use of Empirical BayesExample From Real Dataset #1

Example From CACTI Study

GroupFactor
Control Diabetic| Albuminuric
© (D) GV
T T 7
2 s 3
3 s 9

61 62
Improving Power Improving Power
Use of Empirical BayesExample From Real Dataset #1 Some R ImplementationspFDR, Empirical Bayes and LMM
Larger number of detected Combined Empirical
U Our CACTI study example: differentially expressed mators Yep 0 esyimators
proteins for identical
pFDRcontrolled at level
a=0.05,i.e. more ackage 6qvalued -R_package O6maanovad
" ‘R _p g o
statistical power value() Vel S ckage 6samro read.madata()
a 2 samr() Reads in the data and make an object of class madata
FOR contraled discoveries by conirast by FOR procedura and Empirical bayes mefhod l s R Fitmaanova()
- » o pzdw‘;f)”a” 0%t G conductor R pack afeie giked AypYmodel
ImFit(),
. I R | . eBayes). Resiplot()

N

FS—

63

Use modified R package
e P o SRR 2t ¢ prOR Residual plot of the residuals versus fitted value

p.adjust() with option Use modified R packdget0ostatso a
0 4

nd
renges bymRTELEation gests and FDR adjustements|

- ioconductor R packa
Amethodo = AJsS 'fmmmm PEDR {based on the Jamésein shrinkage estimates of the
GEDazards R oSQULES,SEICE Liin oouian mmerhods = 0S)
available upon request) ju wi i = i
PPon reques) decideTests() in topTable() -Bioconductor R package 6
ImFit)
(JE Dazarddé R source €B8s available upon
request) duplicateCorrelation()

Analysis analogous to mixed ANOVA model except
that information has been borrowed between

variables. Information is borrowed by constraining the
within-block correlations to be equal between
variables and by using empirical Bayes methods to g4
moderate the standard deviations between variables.

Improving Power
Sample Size & Power AnalysisProcedure

U For reasons of lack of power and cost of samples in omics data, it is important to

perform a sample size calculation before hand.

U The problem is to calculate a sample size that achieves a desired power, while

controlling some error rate associated to the large number of simultaneous tests.

U Since the error rate to control#R or pFDRand not the type | error => the

traditional approach of estimating sample size by controlling type | error is no longer

applicable.

(AcceptHg) (RejectH)

Hypothesis Declared Nor Declared Total
Significant Significant

True Null Hypotheses u my
Hg (Type 1 e

True Alterat . Hypotheses T s | «f m,

H, (Type tleron) 2
Total w R m
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Improving Power

Sample Size & Power AnalysisProceduretiu et al. 2007)

i Foranyestimateof p, andanylevel of pFDRor FDR to control
Y Find arejectionregionasa function of samplesizen.

Y Calculatethe powerfor the selectedrejectionregionasa function of n.

Y Choosethe samplesizeachievingthe desiredpower (or vice-versa)

U Liu etal. (2007 extendsthe approachto generalexperimentaldesignsincluding
factorial designsandmixed effectsmodels(Liu etal. 2007, not run).
whereT denotes the test

U ByJst orthegeins PFDR(G Pr(H T ) statistic andthe
rejection region

i To achieveanFDR level lessthana, usingBayegrule:

pFDRG ¢t UP(H & T ) Ga¢
0 Pr(Ti GH @)¢ a 1-p,

PTi GH 2) 1a g

66
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Improving Power
Sample Size & Power AnalysisProceduretiu et al. 2007)

i Considerfor instancea two-samplecaseandan hypothesigesting Ho; :D; =0 of the
groupmeandifferencefor variablej = 1,6 ,m. WerejectH,; if \T,\>q , for whichthe

critical valueg; is to bedeterminedwhereT, denotesthe teststatistic.

U Assumption the distributionof the processedlatais normalandhencet- andanF-tests
areapplicable theteststatistichasa centralt distributionunderthe null hypothesisanda

correspondingon-centraldistributionunderthe alternativehypothesis

U For any estimateof the proportion g, andany a level of FDR, we find the critical

valueg; thatsatisfies

Pi{T[>G [H 0) 2 1-p
LPr(T|>c IH =) '1-a g

o

Improving Power
Sample Size & Power AnalysisProceduretiu etal. 2007)

Myl 0) _a1p,
T Ta©10) e 619) T 3 of

U thatis, solvefor G

whereT,() and:(-19;) are the c.d.f. of a central and non dgniitald d.f. and non

Jsii/n+ 8/,

U Then, the powerPrQTA‘ >¢ |H = s calculated for the selected critical yatret

centrality parameteg; =

corresponding sample sipe= n;+n, and for any estimate @f, and anya level of FDR

i Based on pilot proteomics datasets previously generated, we could get reasonable

estimates of the parametgss, s, , 5,

Power
67 68
Improving Power Improving Power
Sample Size & Power Analysis BayeBxample From Real Dataset #1 Sample Size & Power Analysis {i Calculation of the sample sizes
required to detect a@ld change
Pomer e sampe st 0 ) (D; Hog,(2) Hn at least one of the
Example From CACTI Study PR b, 3 mean difference at fixeBDR = 0.05
: 0 & of 07
: i i f°034-0.7t
GroupFactor -] : i Power >0.9 fon; =n,=n; =3
Control Diabetic| Albuminuric B s
(©) ©) ) B T H
T T 7
2 5 8 o
3 6 9 ]
3 L
:‘l
69 70
Improving Power Outline
Some R ImplementationsSample Calculation
U Fold Change Revisited
U Statistical Modeling
G Controlling Error Rates
G Improving Power
e ossize fdro i Model Selection Solutions in>> n Situations
ssize.Fvary()
Outputs a graph of power versus
sample size
71 72
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Model Selection Solutions ip>> n Situations
Multiple Hypothesis Testing LimitationsExamples

mRNA dataset
(FA-Lrp6 study)

LCMS dataset
(Restenosis study)

Is there really nothing real below e.g. 3g%DR? 73

Model Selection Solutions ip>> n Situations
Multiple Hypothesis Testing Limitations

U What are the operating characteristics of BBYR procedure whem>>n or m>> 1?
AFDR procedures were never meant for large> 1in the first place!
AGenovese 2002, Ishwaran 20@8often high in large dataset FPR+FNR high =>
solved by raisingdDRé whi ch defeats the purpose!

U Problems in using FDRontrolled multiple hypothesis testing wher>> 1
AFDR well controlled, but FNR totally left uncontrolled
ALack of estimate ofy, in FDR => loss of power => few real discoveries, confirmatory
AOver conservativeness even WitADR!
AArbitrariness in fixing FDR a& level: is 5% right? Why not 1%, 2%, etc,..?
AWhat does it mean # has to be raised to e.g. 10%, 20%?, 30%?

U Unrealistic assumption about variables: Ndentical, probably nomormal , Nor
independence (univariate approaEBR). Correlations => raisePR

U What to do in these difficult situations ? => Complete change of paradigm:
ARecast the problem of detecting differential expression as a model selection probld
AUseregularizationand/ormodel selectioprocedures (Bayesian Model Selection w/
selective shrinkagestimators).

74

Model Selection Solutions ip>> n Situations

U So, we want to build a model using a selected subset of predictor variables (proteins|
genes or genetic markers, etcé)

0 Consider the linear regression model mathservations and variables,
where is theivariateresponse vector and pthe
covariates, and pheector of parameters.

0 The goal is to identify which coefficients are zero and-rer from:

whereY is the response value and
wherep is LARGE andh is small (generally > 10,000- 100,000, butn < 10- 100).
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Model Selection Solutions ip>> n Situations

GWe know how to do this i n #pandpxinanstandasdi
statistical regression model s: (Mul tipl

(partial likelihood), linear and mixture discriminant analysis, linear SVM, and neural

net wor ks, é
Ral | are fit by minimizing some |loss fu€gt
Akai ki 6s Al C, Scwartzdés BIC, etcé

Aor by best subset selection : compare &fubmodels/subsets, estimate the subset prediction e
=> choose the model with the smallest value.

U Problem: what i > n or evenp >>n ? Highdimensional modeling

Amutti -collinearity of X and singularity of th&™X matrix (rank is at most).

Astandard exhaustive search methods for variable selection are computationally infeisiblg (2]
AForward selection methods are typically very unstable (Breiman, 1996)

ACp, AIC, bootstrap and LO@YV are not robust and inconsistent. Shao (1993, 1996) proved th
AIC, Mallows Cp, delet®ne cross validation, and Efféns boot strap are a
and asymptotically incorrect and too conservative in the sense that they may select a model d
excessive size.
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Model Selection Solutions ip>> n Situations
Regularization and Model Selection via the Elastic (Nef a. 2005)

U Consider the previous linear regression problem:

U Unlike the OLS, the Elastic Net (EN) regularization (Hui et al., 2005) minimizes the H
criterion subject to a double constraint on fh@ndI|-norm of the regression coefficients:

oLs LASSO  RIDGE
—

U |-penalty=> reducesmuticolinearityif /, is large enough As a continuousshrinkage
method(like in RIDGE Regression)the EN achieveshetterpredictionperformancgthan
the OLS) througha biag variancetradeoff of parameteestimates

U I*-penalty=> somecoefficientswill beshrunkto 0 if /, is largeenough<=> Similar to
the LASSOregularization(Tibshirani, 1996 => the EN regularizatiordoessimultaneously
anautomaticvariableselection(The EN is stagewise variableselectionmethodbasedon
the LARS algorithm (Efron, 1994). Coefficients can be thought as a shrunkenleast
squareestimators

 Finally, the EN simultaneouslyproducesbothanaccurateandsparsemodel ”

Model Selection Solutions ip>> n Situations

Regularization and Model Selection via the Elastic N&nuses in High Dimension
(Huietal. 2008)

U For the p>> n andgroupedvariablessituation,the ElasticNet achievessimultaneously

C Prodt d accl via com on and variable selection
(unlike LASSOor RR penaltieswhich only do oneor theother)
C Offers dimensionreductiontunedby CV

C Overcomesthe p > n limitation of the LASSO in thatit canselectmorethann variablesif

necessary
C Selectsgroupsof correlatedvariables(groupingeffect)
=>autc 1pingof cor gthegroupis selected

iablesonceonevar
(importante.g. for hy

orksof proteins/genes)

i Importantextensions
AAdaptativeLASSO (EN), FusedLASSO (EN), Smoothed ASSO (EN)

i Many applications
ARegressiorandClassificationsettings
ASPCA,SPLS,SCCA, etcg
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