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Biotechnology Overview

Genome: All the DNA contained in an organism. The
operating system/program for structure/function of an
organism.

Genomics: investigation of structure and function of very
large numbers of genes undertaken in a simultaneous
fashion.

Bioinformatics: Computational extraction of information
from biological data.

Data Mining: Algorithms for extracting information from
huge datasets using user-specified criteria.




|. Gene Microarray Technologies

High throughput method to probe gene expression in
a sample

Two principal microarray technologies:

1) oligonucleotide arrays (Affymetrix GeneChip)
2) cDNA spotted arrays (Brown/Botstein chip)

Main idea behind cDNA technology:

1) Specific complementary DNA sequences arrayed on slide
2) Dye-labeled RNA from sample is distributed over slide

3) RNA binds to probes (hybridization)
4) Presence of bound RNA-DNA pairs is read out by detecting spot

fluorescence via laser excitation (scanning)

Result: sets of 10,000-50,000 genes can be probed
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Oligonucleotide GeneChip (Affymetrix)




Add Treatment Dimension: Expression Profiles

1Probe response profiles

Hybridization level




Problem of Intrinsic Profile Variability
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Sources of Experimental Variability

Population — wide genetic diversity

Cell lines - poor sample preparation

Slide Manufacture — slide surface quality, dust
deposition

Hybridization — sample concentration, wash conditions

Cross hybridization — similar but different genes bind to
same probe

Image Formation — scanner saturation, lens
aberrations, gain settings

Imaging and Extraction — misaligned spot grid,
segmentation

Microarray data is intrinsically statistical.




Solution: Experimental Replication

Exp 1 Exp 2 Exp M

M replicates

Issues:  Control by experimental replication is expensive
» Surplus real estate allows replication in layout
e Batch and spatial correlations may be a problem




Comparing Across Microarray Experiments

Experiment A Experiment B

Question: How to combine or compare experiments A and B?




‘ Un-Normalized Data Sets

Within-experiment intensity variations mask A-B differences:
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Two Possible Approaches

If quantitative gene profile comparisons are
required:

o find normalization function to align all data sets within
an experiment to a common reference. Examples:
RMA, SMA, (Irizzary&etal:2002)

If only ranking of gene profile differences is
required:

2 No need to normalize: can apply rank order
transformation to measured hybridization intensities
(Hollander&Wolf:1999, Hero&Fleury:VLSI12003).




Avs B Microarray Normalization Method
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'Un-Normalized Data Set (Wildtype)

Unnormalized, data=wild vs knockout
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'Normalized Data Set (Wildtype)
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Rank Order Statistical Transformation

Rank order algorithm: at each time point
replace each gene intensity with its relative
rank among all genes at that time point

o The relative ranking is preserved by (invariant to)
arbitrary monotonic intensity transformations.

----- T




I1. Multicriteria Gene Screening

Objective: find all genes having significant
foldchanges wrt multiple criteria  §1(9). - -, &p(g)

fC(g):Ft(g)—Wt(g), g — 17"'7G

K, Wt =log2 of the mean ko,wt expression levels
Issues
o Selection criteria (ratios, profiles, patterns)
o Controlling statistical significance
o Controlling biological significance




Possible Selection Criteria
Some multicriteria £1(g), ..., &p(g)

2 Variance-normalized paired comparisons for
two treatments at a single time point

£1(9) = (K(g9) —W(g))/s(g)
o Paired comparisons for two treatments at a
single time point

§1(g9) =s(g), &2(9) = K(g) — W(g)
o Paired comparisons for two treatments over T

time points

£1(g9) = K1(g9) —Wi1(g), ¢&r(g) = K1r(g) —Wr(g)




'Knockout vs Wildtype Retina Study

12 knockout/wildtype mice in 3 groups of 4 subjects (24 GeneChips)
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[11. Biological vs Statistical Significance:

Statistical significance refers to foldchange
being different from zero

fc(g) # O

Biological significance refers to foldchange
being sufficiently large to be biologically
observable, e.g. testable by RT-PCR

ifc(g)| >fcmin

Hero,Fleury,Mears,Swaroop:JASP2003



~ Biological and Statistical Significance:
Minimum Foldchange Cube
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V. FDRCI Gene Screening

Let fct(g) = foldchange of gene ‘g’ at time point ‘t'.
We wish to simultaneously test the TG sets of hypotheses:

Ho(g,t) : fci(g) < |d
Hi(g,t) : fci(g) > |d

d = minimum acceptable difference (MAD)

Two stage procedure:
o Statistical Significance: Simultaneous Paired t-test

o Biological Significance: Simultaneous Paired t confidence
Intervals for fc(g)’'s

Hero,Fleury,Mears,Swaroop:JASP2003



Single-Comparison: Paired t (PT) statistic
PT statistic with ‘m’ replicates of wt&Kko:

_ | Wi(g) — K(g)
Ti(g) = m/2 <1 (9)

Level a test: Reject HO(g,t) unless:

—1 —1
_71—&/2 <Ti(g) < 71—&/2

Level 1-a onfidence interval (Cl) on fc:

Iy(a) = Ty(g) + \/ A

1




\ Stage 1: paired T test of level alpha=0.1
HO : fCt(g) =0
Hy @ fc(g) #0

[(T@@IHy)  1(T(9IHy

Area=0.1

T(9)

—1
To.95

fci(g)

For single comparison: a false positive occurs with probability a=0.1




\ Stage 1: p-value of paired T test

f(T(9)Ho)

Area = p-value

In gene screening would like
p-value to be as low as possible!




‘ Stage 2. Confidence Intervals

= Biologically&statistically significant differential response

f(T(9)Ho) f(T(9)Hy)
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‘ Stage 2. Confidence Intervals

= Biologically&statistically insignificant differential response

f(T(9)Ho) f(T(9)Hy)

T(9)




P-value, FWER, FDR and FDRCI

Pvalue,Cl apply to single comparison: T(g) dependence.

FWER, FDR and FDRCI depend on {T(g), g=1, ... G}.
o FWER: familywise error rate (Miller:1976)

G
FWER(Go) =1—E | [T [1 — ¢(9)]vg,(9)
[ g=1

o FDR: false discovery rate (Benjamlnl&Hochburg 1996)
o Y51 #(9)vg,(g)
Zgzl ¢(g)

o FDRCI: (1-a) Cl on discovered fc (Benjamini&Yekutieli:2002)

fc(g) € Iy (oeg)

FDR(Gp) =

o P: number of genes discovered at FDR=a
a0 I4(a) standard level 1-a fpﬁ? fc(g)




Simultaneous Testing Procedure: ko/wt Data

Find p-values of maxPT statistic over g=1...G
Convert p-value to FDR over g=1...G
Construct FDR adjusted CI’s for each t,g

Implement FDRCI test for MAD
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P-value vs FDR Comparison for wt/ko
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FDRCI Results for wt/ko Experiment
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FDRCI Results for NRL Data
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Sorted FDRCI pvalues for ko/wt study

FORCI p-value
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Mears probesFDRCI@0.51FDRCI probesFDRCI@0.5I
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Quantitative comparisons

Wit vs ko Affymetrix data:

it Screenad

i Discoverad

mAx{ Py )

mediani pv)

avel FDR-CT length)

Thresholded RMA 12,421 |59 .0 (.50 .52
Thresholded FDR 303 127 .0 (.3] .17
Two-stage FDR-C] 303 39 014 (.02 .09

Table 3. Performance comparison for three algorithms for selecting genes with magnitude (log base 2)
foldchange = 100 Thresholded RMA and Thresholded FDR have significantly worse in terms of statistical
sionificance (p-value) than the proposed Two-stage FDR-CT algorithm. Furthermore, the Two Stage FDR-
Cl and Thresholded FDR algorithms discover gene responses with shorter CI's than the Thresholded

RMA.




V. Pareto Optimal Gene Ranking:

Pareto Front Analysis (PFA)

Obijective: find the 250-300 genes having the
most significant foldchanges wrt multiple criteria

£1(g9),...,€p(g)

Examples of increasing criteria:

£1(g) = fc1(g) Ko-Wt foldchange
¢5(g) = fco(g) Ko-Wt foldchange
¢3(g) = fc3(g) Ko-Wt foldchange

Examples of mixed increasing and decreasing
£1(g) = sig(g) = Ko sample dispersion

£->(g) = Siv(g):th sample dispersion
¢3(g) = |K(g9) — W(g)|= Kp-Wt mean disp




Pareto Front Analysis (PFA)

Rarely does a linear order exist with respect
to more than one ranking criterion, as in

Ifc1(g1)| > Ifc1(g2)| > ... > [fc1(gp)|

However, a partial order is usually possible

{fc1(g), fcalg), fecs(g) fgeg, > - > {fca(g), fcalg), fe3(g) tyeg,




[llustration of two extreme cases

§1 = J_(S%(i— S%V)/Q: pooled sample dispersion
> = |K — W|= mean treatment dispersion

A linear ordering exists No partial ordering exists
§2 | &2 ®
® ——— Optimum ®
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Comparison to Criteria Aggregation

Assume (wolg): increasing criteria
Linear aggregation: define preference pattern

{(Wplpe1, Xpm1 Wp =1, Wp >0
Order genes according to ranks of
T(g) = X711 Wpp(g)

Q: What are set of universally optimal genes that
maximize 7'(g) for any preference pattern?

A: the non-dominated (Pareto optimal) genes




Wuﬁicriteria Gene Rankingy

A,B,D.are Pareto optimal
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Ranking Based on End-to-End Foldchange
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Ref: Fleury&etal ICASSP-02

16 human retinas
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Multicriteria Y/O Gene Ranking

Paired t-test at level of significance alpha:

- &o(g) >
M= <

2/m Ty, /2

For Y/O Human study:

|O(g) —Y(9)
V(03(9) + 02(9))/2

T(g) =

Ref: Fleury&etal ICASSP-02



Multicriterion Scattergram:Paired t-test
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Multicriterion scattergram: Pareto Fronts
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‘ Ranking Based on Profile Shape

2001M Retina Gene Study

400 Monotonic?

350F

Mouse Retina Aging Study

300

T

24 Mouse retinas
6 time samples

4 replicates
12422 probesets
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Ref: Hero and Fleury:VLSIO3



Jonckheere-Terpstra Statistic

Three Virtual Proflles
08401 -at "~ —

# replicates=m=4
# time points=t=6
# profiles=4"6=4096

3 4 5 B

1) =2, > sionym(9) — v,m(9))

t t'>tm#zFEm’

Hollander 2001



Monotonic-Profile Ranking Criteria

Monotonicity: Jonckheere-Terpstra statistic
o Large number of monotonic virtual profiles

Curvature: Second order difference statistic
2 Small deviation from linear

End-to-end foldchange: paired-T statistic
o Large overall foldchange




\ Multicriterion Scattergram: Aging Study
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Profile of Pareto Optimal Aging Gene

'.fm|

e -




Effects of Sampling Error on Ranking

Hypothetical dual criterion planes
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Accounting for Sampling Errors in PFA

Key Concepts:
o Pareto Depth Distribution
o Pareto Resistant Gene

Bayesian perspective: Pareto Depth Posterior Distn

o Introduce priors into multicriterion scattergram

o Compute posterior probability that gene lies on a Pareto front
o Rank order genes by PDPD posterior probabilities

Frequentist perspective: Pareto Depth Sampling Distn
o Generate subsamples of replicates by resampling

o Compute relative frequency that subsamples of a gene remain
on a Pareto front

o Rank order genes by PDSD relative frequencies




Pareto Depth Posterior Distribution

Pareto front is set of non-dominated genes
Gene |1 Is dominated if there exists another gene
g such that for some p:

q(1) < &q(g) and &(i) < &(g), p # g
Posterior probability: gene g is on Pareto front

p(glY) = /dufg(gﬂy(ﬁ) H {1 — P (M < §(3)|Y)} -
- J7#9

Can implement w/ non-informative prior on £(g)

Hero&Fleury:VLSIO3




Application to Dilution Experiment

Human fibroblast data

* 18 Fibroblast Cells
e 3 treatments

* 6 replicates

e 7129 probesets

Treatment(t)

- y(g)
0.06F O

| 8
1 D87683—at (@) §
0.04F o
0.01F 8

gStim 5050 Strv
&1(9) = y2(9) —v1(9)
Cemonzea1$2(9) = (@2(9) +791(9))/2 —y3(9)




Scattegmram for Dilution Experiment
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Most Non-monotonic Trajectories
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Pareto Depth Sampling Distribution

Let k be Pareto depth of gene g when leave
out m-th replicate. Define

1, ¥ =k
Lg(m, k/) — { 0 0.,

(Re)sampling distribution of Pareto depth

1 Myresamp

resamp  ,,—1

Ref: Fleury and Hero:JFI03



'PDSD Examples for 4 different genes

Stongly Resistant Gene Moderately Resistant Gene
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Ref: Fleury and Hero:JFI03



2"d Moment of Inertia (MOI) of PDSD:
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'PDSD Gene Ranking Illustration

= Top 50 genes according to PDSD 2"d MO
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\ Quantitative Comparison:
Pareto Front vs. Paired T Test ranking
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Ref. Fleury and Hero:JFI03




False Discovery Rate Comparisons
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V1. Conclusions

Biological and Statistical significance via FDRCI
Provides P-values for screening and ranking
Multiple criteria lead to Pareto Front Analysis
PFA accounts for sampling errors via PDD’s

PFA has better FDR than screening-oriented
methods for discovery of partial orderings

Ongoing projects: Clustering, dimension reduction,
learning the gene expression manifold
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