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DNA Microarray Technology

* Powerful tool for understanding
mechanisms and enabling predictive
medicine

* Challenges ability of biomedical scientists
to analyze and interpret data

* Challenges mathematical scientists with
new problems for which existing analysis
paradigms are often inapplicable



Microarray Environment

* Hype
* EXcessive skepticism
e Mis-information



Problems lllustrated by Microarray
Development

Inefficient utilization of technology for advancing
medicine

Substantial waste of resources on development
of ineffective software systems

Contributions of specialists limited by inability to
bridge knowledge boundaries

Organizations searching for ways of fostering
Interdisciplinary research

Insufficient opportunities for attracting the best
and brightest undergraduates to quantitative
medicine
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Bioinformatics in cancer therapeutics—hype

or hope?
Richard Simon

Bioinformatics should b viewsd broadly as the
uees of mathsmatical, sixliztical, and compuiar
tonal methods for the proosssing and aralysis
of biclogic daba. The genomic revalbrion would
not ba poseble without the sophishori=d almbst
ical algorithme on which DRA s=quencing,
microarmay sxpression profiing and geromic
wequanos aralysiz rest. Although dala manags-
mentand imsgration aresimporiant, dals anakysis
and imsmpetaton ars thes rats-imiling desps for
achizving biclsgical unde=rstanding and themr
peutic progre . Effective integration of acientific
bicimomatios imto biclogy and the training of a
new genemtion of biologiste and siatistical bic-
momaticists wil requirs lssdsshipwith avision
of bickogy a2 an information soience.
Devslopment and uze of bicinformatios iz
anzeril for the fubure of cancsr thempswics.
Kozt canoer reaimants work for only @ subast
of patierts and this i lkely to remain rus for
many malkecularty-iargeted drugs. Thiz resuks in
a largs proportion of patisris recsiving inetiso-
tive treariments and is a huge financial burden
onour Fealth canes syatem. It iz sssemtial thatws
dewslop @oourabs tools for d=kvsnng the nght
treatrent bo the right patient based on biokegical
characterization of sach patient’s fumeor:
Gene-esprossion profiing of lumon using
CHLA ricroarmoys iz @ powssriul foal for pharmooo-
genomic langeting of reaiments. A good sare
ple is the Cnootype O™ aszay (Genomic
Health) recentty d=scribed for idsniitying the
subsat of node-negative ssirogen-receplor
positive breast canocsr patients who do not
requirs adjrart chsmotherapy.! Devalopment
of geriomic tests thart are suffici smhy voldated for
broad clinical appication rsquines the sustained
affort of a twam thal includes clinical e stigar
torm, biologic soientizts and biostotisticians.
Accurabs, reproducible, predictive disgnosbics
rar=hy result from the urstructuned retros pechive
sludies of het=rogerecus groups of patieris
tat ars commonty deposiisd 0 the onoology
bermiure, but reser indspsndenty validated or

Ebrcadly applied 2 With proper foous and sopport,
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gene-sepression-based diagnoglic tegis could
be deveboped today bo assist patisnts and phy-
sicians with @ wids mngs of dificult decisions
reqarding the use of currently sxigling reat-
ments. Devslopment of such tesln should be
part of & rew parodigm for fuburs thempautios.

Eicinlommatics iz also ssssntial for snhancing
the disoowsry of new drugs. Many tumons conmist
of mistunes of subolones cordaining differert oxiz
of mubabed, oversxprssssd and olsnced gsnes.
Thia hetercgersity makes the proosss of identify-
oversprassed genes and mutated genes mary
not nepresent good molscular langets becouse
regstant subclores ane pressnl. The basttangst
is o 'red dot’ g=ne whose mulbion coours sarky
in crcogeresio and dysregulates a key pathaary
that drives tumor growth in all of the subclonss.
Examples include mutations in the geres ASL,
HER-2, FIT, BGFR ard probably BRAE in chronic
my=kgenous Isuksmia, breast cancer, gaginc-
imisziimal stromal bomonz, ron-smal-csl lung
cancsr and melanoma, egpectivety. Effective
development of thempeutios reguines idsntifice
tior of rsd-dod targats, devesl cpment of drugs trat
inhibit the red-dot langets, ard diagnostic clos-
gificartion of the pathaways driving the growth of
=saoh patisnt's fumon. Developrment and applica-
tion of biairformatios by muhidisciplinary teams
conducting focussd tmndationa ressarch iz
=zsemtial for al stepz of this procsss.

Taking advantags of geromic technologiss
1o develop drugs effectivety and target them
1o the right patisnts depends on the uze of bic-
romatios, in il broadest zenses. The focls 1o
amchizve rapid advancss in cancer thempsutics
are available today. Rapid progesss reguirss
wisdom to establish inrevative mutidisciplinany
approachss 1o focus our techrolkgi=s and
organizs our taleris for the dalivery of & rea
a ion of iruby =fisctive cancer treaments.
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Supplementary information, in the form of a
refarercs list, iz avalabls on the i Ciioca!
Practics Oncology webaite.
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BRB Website Resources for

Education of Biomedical Scientists
http://linus.nci.nih.gov/brb

Reprints & Technical Reports
Powerpoint presentations
— Audio files

BRB-ArrayTools software
— Message board

BRB-ArrayTools Data Archive

Sample Size Planning for Targeted Clinical
Trials



Using Genomic Classifiers In Clinical Trials

*Simon R and Maitnourim A. Evaluating the efficiency of targeted designs for randomized clinical trials. Clinical
Cancer Research 10:6759-63, 2004.

*Maitnourim A and Simon R. On the efficiency of targeted clinical trials. Statistics in Medicine 24:329-339, 2005.
*Simon R. When is a genomic classifier ready for prime time? Nature Clinical Practice — Oncology 1:4-5, 2004.
*Simon R. An agenda for Clinical Trials: clinical trials in the genomic era. Clinical Trials 1:468-470, 2004.

«Simon R. Development and Validation of Therapeutically Relevant Multi-gene Biomarker Classifiers. Journal of the
National Cancer Institute 97:866-867, 2005.

*Simon R. A roadmap for developing and validating therapeutically relevant genomic classifiers. Journal of Clinical
Oncology 23:7332-41,2005.

*Freidlin B and Simon R. Adaptive signature design. Clinical Cancer Research 11:7872-78, 2005.
*Simon R. Validation of pharmacogenomic biomarker classifiers for treatment selection. Disease Markers (In Press).
«Simon R. Guidelines for the design of clinical studies for development and validation of therapeutically relevant

biomarkers and biomarker classification systems. In Biomarkers in Breast Cancer, Hayes DF and Gasparini G, pp 3-
15, Humana Press, 2006.



Using Genomic Classifiers In Clinical Trials

Simon R. and Wang SJ. Use of genomic signatures in therapeutics development in oncology and other diseases, The
Pharmacogenomics Journal 6:166-73, 2006.

Simon R. A checklist for evaluating reports of expression profiling for treatment selection. Clinical Advances in
Hematology and Oncology 4:219-224, 2006.

Trepicchio WL, Essayan D, Hall ST, Schechter G, Tezak Z, Wang SJ, Weinreich D, Simon R. Designing prospective
clinical pharmacogenomic trials- Effective use of genomic biomarkers for use in clinical decision-making. The
Pharmacogenomics Journal 6:89-94,2006.

Dupuy A and Simon R. Critical review of published microarray studies for cancer outcome and guidelines on statistical
analysis and reporting, Journal of the National Cancer Institute, In Press.



BRB Website

http://linus.nci.nih.gov/brb

e 15,000 hits per month
e 702 hits to Technical Reports & Talks
e 1985 hits to BRB-ArrayTools home page



BRB-ArrayTools

Statistically state-of-the-art integrated software
for DNA microarray data analysis

— Architecture and statistical content by R Simon
— Programming by contractor

User interface for use and education of
biomedical scientists

Publicly available for non-commercial use
Active user list-serve and message board

http://linus.nci.nith.qov/brb




BRB-ArrayTools

June 2006

6283 Registered users
2000+ Distinct institutions
62 Countries

245 Citations

Registered users
— 3528 in US
— 456 at NIH
— 246 at NCI
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[8] inbox - Microsoft Outlook -3 %]
© Bl Edt View Go Tools Adtions  Help Type a question for help

[ why do 1 really need to get Array tools - Message (Plain Text)

Ble Edt View Insert Format ool Actions  Help

iQE&ply|QRep\ymAH‘QFnr&5rd|d ﬁl%\?’l[&l-ﬁiX\ﬂ-‘?'A‘l“}l@l

‘ Yfou replied on 10/25/2006 3:08 FM,

Fram:  Clga [fe0@mail.r] Senk:  Wed 10/25(2006 2:27 PM
Siman, Richard (WIHNCT) [E]

Subject: My do I really need to get Array kools

Dear Dr.Simon!

| was asked to contact you to get passward for downloading BRE-ArrayTools. My name is Bogatova Olga, I'm on miy third year in MIPT (Moscow). During this year i'm selecting a laboratory, where i'd like to start my
future researchings. And i'm very intrested in one of the laboratories of Institute of Boorganic Chemistry (Moscow). Microarray method was developed there guite recently (the group developed it is studied human
leukemia and some specific factors associated with it), so there are no people there who can execute the statistical analysis of data. Now i'm trying to study out this aspect and i really need the special software to get
the final results! So, | hope my atternpts will be successful (and i'd lke to continue my work in this direction)

S, Olga

Soplease, send me a password!

IiJE Calendar Dear Dr, Simon,
The conference room has 320 seats. To avoid boo crowed, we limit each workshop on 250 seats so far, Now we hawe already drawn over 300 peaple bo join these 2 workshops,
E Contacts Warkshop I has been Full for local registers, buk we remain som. .,
-] [0 Paper Mon...

jﬂ Tasks Dear Rich,
Please find attached the word file, the figures and the supplementary materials for the paper on confidence intervals far predictian error,

Weriyu

hd
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BRB Array Tools

 Wasn’t designed by committee
 \Wasn'’t a response to users dictating what
should be developed.

— We encourage our users to have clear
objectives; they are not experts on how to
achieve those objectives

o Offers substance, not flashy displays

— State of the art statistical advice in a form
useable by non-statisticians



“Everything new here
comes out of the time
engineers spend on
side projects. It cer-
tainly doesn’t come
from management.”

T

So is Google building a computing platform? A Web-
based operating system, if you will?

The problem | have with that question is that “operating system”
and “platform” and “Web OS" are very generic terms, so | prefer
not to engage in those discussions. There is this presumption that
Google has to go build its own OS, its own browser, when those
technologies are quite mature and well valued. There is a great
deal of strategic leverage for us in building an ecosystem around
content and advertising that is an extension of our search mission.




Moving from Correlative
Studies to Predictive Medicine



“Biomarkers”

e Surrogate endpoints

— A measurement made on a patient before,
during and after treatment to determine
whether the treatment is working

e Predictive classifier

— A measurement made before treatment to
predict whether a particular treatment is likely
to be beneficial



Surrogate Endpoints

 ItIs extremely difficult to properly validate
a biomarker as a surrogate for clinical
outcome. It requires a series of
randomized trials with both the candidate
biomarker and clinical outcome measured



Biomarkers for Treatment Selection

e Oncologists need improved tools for selecting
treatment for individual patients

* Most cancer treatments benefit only a minority of
patients to whom they are administered

* Being able to predict which patients are likely to
benefit would save patients from unnecessary
toxicity, inconvenience and enhance their
chance of receiving a drug that helps them

* The current over treatment of patients results in
a major expense for individuals and society



Oncology Needs Predictive Markers
not Prognostic Factors

 Most prognostic factors are not used
because they are not therapeutically
relevant

* Most prognostic factor studies use a
convenience sample of patients for whom
tissue Is available. Often the patients are
too heterogeneous to support
therapeutically relevant conclusions



Pusztai et al. The Oncologist 8:252-8, 2003

e 939 articles on “prognostic markers” or
“prognostic factors” in breast cancer in past 20
years

 ASCO guidelines only recommend routine
testing for ER, PR and HER-2 Iin breast cancer

e “With the exception of ER or progesterone
receptor expression and HER-2 gene
amplification, there are no clinically useful
molecular predictors of response to any form of
anticancer therapy.”



o Targeted clinical trials can be much more
efficient than untargeted clinical trials, If
we know who to target



* In new drug development, the role of a
classifier is to select a target population for
treatment
— The focus should be on evaluating the new

drug in a population defined by a predictive
classifier, not on “validating” the classifier



Developmental Strategy ()

Develop a diagnostic classifier that identifies the
patients likely to benefit from the new drug

Develop a reproducible assay for the classifier
Use the diagnostic to restrict eligibility to a
prospectively planned evaluation of the new
drug

Demonstrate that the new drug is effective in the
orospectively defined set of patients determined

oy the diagnostic




Develop Predictor of Response to New Drug

Patient Predicted Responsive

Patient Predicted Non-Responsive

PN

New Drug

Control

Off Study




Evaluating the Efficiency of Strategy (1)

Simon R and Maitnourim A. Evaluating the efficiency of targeted
designs for randomized clinical trials. Clinical Cancer Research
10:6759-63, 2004; Correction & Supplement 12:3229, 2006

Maitnourim A and Simon R. On the efficiency of targeted clinical
trials. Statistics in Medicine 24:329-339, 2005.

reprints and interactive sample size calculations at
http://linus.nci.nih.gov/brb



Two Clinical Trial Designs

« Un-targeted design

— Randomized comparison of E to C without
screening for expression of molecular target

e Targeted design
— Assay patients for expression of target
— Randomize only patients expressing target



Pharmacogenomic Model for Two
Treatments With Binary Response

Molecularly targeted treatment E

«Control treatment C

vy Proportion of patients that express target
*p. control response probability

sresponse probability for E patients who
express target is (p, + 6,)

*Response probability for E patients who do
not express target is (p. + d,)



Randomized Ratio
(approximation)

RandRat = r]untargeted/ r]targeted

2
RandRat z( 2 ]
Ao +1=7)0 )
0,= rx effect in marker + patients

Op= X effect in marker - patients

y =proportion of marker + patients
If 5,=0, RandRat = 1/ y 2

If 5,= 8,/2, RandRat = 4/(y +1)-




untargeted/ ntargeted

Randomized Ratio
q

Proportion Assay

No Treatment Benefit

Treatment Benefit for

Positive for Assay Negative Assay Negative
Patients Patients is Half That
for Assay Positive
Patients
0.75 1.78 1.31
0.5 4 1.78
0.25 16 2.560




Screened Ratio

Proportion No Treatment Benefit | Treatment Benefit for
Assay Positive for Assay Negative Assay Negative
Patients Patients is Half That
for Assay Positive
Patients

0.75 1.33 0.98
0.5 2 0.89
0.25 4 0.64




Imperfect Assay Sensitivity &
Specificity
* Agens=SEnsitivity
— Pr[assay+ | target expressed]
* Aspec=SPeECcificity
— Pr[assay- | target not expressed]



Proportion of Assay Positive
Patients That Express Target

A

SENS

W, =
7/lsens + (1_ 7/)(1_ ﬂ‘spec)




Randomized Ratio

 RandRat = r]untargeted/ r]targeted

2
RandRat = (W151 HL=w)o, j

7/51 + (1_7/)50



Randomized Ratio
sensitivity=specificity=0.9

Y 5,=0 §y= 8,12
Express target
0.75 1.29 1.26
0.5 1.8 1.6

0.25 3.0 1.96




 For Trastuzumab, even a relatively poor
assay enabled conduct of a targeted
phase Il trial which was crucial for
establishing effectiveness

* Recent results with Trastuzumab in early
stage breast cancer show dramatic

benefits for patients selected to express
Her-2



Comparison of Targeted to Untargeted Design

Simon R, Development and Validation of Biomarker Classifiers for Treatment Selection, JSPI

Treatment Hazard Number of Events for | Number of Events for Traditional
Ratio for Marker Targeted Design Design
Positive Patients

Percent of Patients Marker
Positive

20% 33% 50%

0.5 74 2040 720 316




Interactive Software for Evaluating
a Targeted Design

e http://linus.nci.nih.gov/brb/
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Sample Size Calculation for Randomized Clinical Trials

+« Optimal Two-Stage Phase II Design

« Biomarker Targeted Randomized Design™
1. Binary Qutcome Endpoint
2. Survival and Time-to-Event Endpoint

* Targeted design randomizes only marker positive patients to treatment or control
arm. Untargeted design does not measure marker and rendomizes all who otherwise

are eligible.
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Sample Size Calculation: Binary Outcome Endpoint
Evaluating the efficiency of targeted designs for randomized clinical trials and Supplement by Richard Simon and Aboubakar Maitournam. (Clinical Cancer Research
10:6759-6763, 2005)
pc | |
gamma | |
deltal | |
deltal | |
alpha |0.05 |
power |D.QD |
pc = probability of "response" for control arm
iy (5 proportion of patients who are classifier negative (i.c. less
3 responsive to new treatment
Lhat improvement in response probability for new treatment in classifier
positive patients
daltio = improvement in response probability for new treatment in classifier
negative patients
alpha = two-sided significance level
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Developmental Strategy (I

Develop Predictor of
Response to New RXx

Predicted Predicted Non-
Responsive responsive to New Rx
To New Rx

Control
New RX Control




Developmental Strategy (1)

« Do not use the diagnostic to restrict eligibility,
but to structure a prospective analysis plan.

 Compare the new drug to the control overall for
all patients ignoring the classifier.
— If pyvera< 0.04 claim effectiveness for the eligible
population as a whole
e Otherwise perform a single subset analysis
evaluating the new drug in the classifier +
patients

— If pgpeets 0.01 claim effectiveness for the classifier +
patients.



Key Features of Design (Il

 The purpose of the RCT is to evaluate
treatment T vs C overall and for the pre-
defined subset; not to re-evaluate the
components of the classifier, or to modify
or refine the classifier



Developmental Strategy (lIb)

e Do not use the diagnostic to restrict eligibility,
but to structure a prospective analysis plan.

 Compare the new drug to the control for
classifier positive patients
— If p,>0.05 make no claim of effectiveness

— If p,<0.05 claim effectiveness for the classifier
positive patients and

« Continue accrual of classifier negative patients and
eventually test treatment effect at 0.05 level



The Roadmap

1. Develop a completely specified genomic
classifier of the patients likely to benefit from a
new drug

2. Establish reproducibility of measurement of the
classifier

3. Use the completely specified classifier to
design and analyze a new clinical trial to
evaluate effectiveness of the new treatment
with a pre-defined analysis plan.



Guiding Principle

 The data used to develop the classifier
must be distinct from the data used to test

hy
Su

notheses about treatment effect Iin
nsets determined by the classifier

Developmental studies are exploratory

— Studies on which treatment effectiveness
claims are to be based should be definitive
studies that test a treatment hypothesis in a

patient population completely pre-specified by
the classifier



Development of Genomic
Classifiers

e Single gene or protein based on
knowledge of therapeutic target

e Single gene or protein culled from set of
candidate genes identified based on
Imperfect knowledge of therapeutic target

 Empirically determined based on
correlating gene expression to patient
outcome after treatment



Development of Genomic
Classifiers

* During phase Il development or

 After failed phase lll trial using archived
specimens.

« Adaptively during early portion of phase Il
trial.



Development of Empirical Gene
Expression Based Classifier

e 20-30 phase Il responders are needed to
compare to non-responders in order to
develop signature for predicting response

— Dobbin KK, Simon RM. Sample size planning
for developing classifiers using high
dimensional DNA microarray data,
Biostatistics (In Press)



Adaptive Signature Design
An adaptive design for generating and
prospectively testing a gene expression
sighature for sensitive patients

Boris Freldlin and Richard Simon
Clinical Cancer Research 11:7872-8, 2005



Adaptive Signhature Design
End of Trial Analysis

« Compare E to C for all patients at
significance level 0.04

— If overall H, Is rejected, then claim
effectiveness of E for eligible patients

— Otherwise



e Otherwise:

— Using only the first half of patients accrued during the
trial, develop a binary classifier that predicts the
subset of patients most likely to benefit from the new
treatment E compared to control C

— Compare E to C for patients accrued in second stage
who are predicted responsive to E based on classifier
» Perform test at significance level 0.01

 If H, is rejected, claim effectiveness of E for subset defined
by classifier



Treatment effect restricted to subset.
10% of patients sensitive, 10 sensitivity genes, 10,000 genes, 400

patients.
Test Power
Overall .05 level test 46.7
Overall .04 level test 43.1
Sensitive subset .01 level test 42.2
(performed only when overall .04 level test is negative)
Overall adaptive signature design 85.3




Overall treatment effect, no subset effect.
10,000 genes, 400 patients.

Test Power
Overall .05 level test 74.2
Overall .04 level test 70.9
Sensitive subset .01 level test 1.0
Overall adaptive signature design 70.9




Validation of Predictive Classifiers
for Use with Available Treatments

« Should establish that the classifier Is
robust, reproducibly measurable and has
clinical utility

e Studies of predictive classifiers should be
viewed as either developmental or
validation studies



 Developmental studies should develop
classifiers for homogeneously treated
patients and provide split-sample or cross-
validated estimates of prediction accuracy

 Validation studies should establish
whether patient outcome is improved
using the pre-specified new classifier for
treatment selection compared to using
current practice standards
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Pitfalls in the Use of DNA Microarray Data for
Diagnostic and Prognostic Classification

Richard Simmon, Michse! I Radmacker, Kevin Dobbin, Lisa M. McSkane

D04 A microamays have made it possible 1o estimane the Jzvel
of expression of thowands of penes for o sample of cells. Al-
though hismedical investigaior: have bazn quick to adopt thiz
powerful new research tool, accurais analysis and inderpretation
of the daia have provided unique challenges. Indzed many in-
westipators ane nof experienced m the analyiical sieps neaded to
canvert tens of thousands of noisy daia points into relisble and
mierpretable biologc information. Alihough some investigators
rzcogn e the imporance of callaborating with experiznced bio-
soatisticions bo analyze microarray dats, the oumber md il
ahility of experisnced hicstatisticians is inadequate. Conse-
quently, investigaior: are using available software to analyas
their data, many szemingly withont knowledge of polential pii-
falls. Becawse of szrious prohlams associaied with the analysis
and reporting of some DNA micrcamay smdies, there is great
mierest in guidance on valid ond effective metheds for anabysis
of DNA microarray data.

The design and malysis siralegy for @ DNA microarray ex-
periment should be deizrmined in light of the overall chjsclives
of the smdy. Became DNA microamays are wed for o wids
wanety of ohjectives, it is not faasible to address the 2ntire range
of design and analysis izsues in ths commeniary. Here, we
ackkess statistical ‘ssues that anise from the use of DNA micro-
arrays for o imporiant group of ohjeciives that has been called
“class prediction” (12 Clees prediction includes derwalion of
pradicions of prognosis, responze to therapy, of any phenoiyps or
genctype defined indzpendently of the gme expression profile.

EXPERIMENTAL C¥EJECTIVES [DRIVE [FESIGN
AND ANALTSIE

Good DA microamay experimenis, althoogh not bawed an
gempecific mechanistic hypothsses, should be planmed and
oonducied with clear chjectiwes. Thres commonly sncouni=med
trpes of sindy ohjectives are “zlass comparnizon,” “cles pradic-
tion,” and “clms discovery” {11

Clms comparison is the comparson of gene exprassion in
different groups of specimens. The major characteristic of clas
comparisn soudies is that the clisses being compared are de-
finzd independendy of the expression profiles. The specific cb-
jectives of such auudgearc 1o dzterming whether the expression
prafiles are differeni between the clisses and if 5o, 10 identify
the differentially expressed genes. One sxample of 2 clas com-
panzon siody @ the comparisan of gens axprassion pofilss of
stage [ breast cancer patisni: who are Jang-isrm survivars with
the genz expression profils of those wha have recurent disease.
Another example is the comparison betwesn gens expression
profiles in breasi cancer patienis with and withoul germline
BRCAL mutations (21,

Clus prediction studizs are similar io class comparison stud-
5 in tharl the classes are predefined. In clws prediciion smdies,

14 COMMENTARY

herewer, the emphasis is o developing a gene expression-baed
muhtivariabe function (referred to @ the predictord that accu-
rakely predicis the class memberthip of a new sample on the
hasis of the sxpression levels of k=y genss. Such predictors can
b= ns=d for many types of clinical managsment decisions, in-
cluding risk assessrent, dingnostic festing, prognostic soratifi-
cation, and weaiment selection. Mony studies include both class
comparison and class prediction cbjectives.

Class discovery is fundamenially different from class com-
parisan or class prediction in thal no classss ore predefined.
Usually the purpoes of clms dpcovery in cancer siudiss is 1o
deieming whethisr discrete subssiz of o disease enfity oo be
definzd on ihe basis of gene expression profiles. This porpose is
diffzr=nt from deiermining whether the gens expression prafiles
correlate with some alrzady known diagnostec classification.
Examples of cliss discovery are the studies by Bifiner et al (31
that examined gene expression profiles for advanced melanomas
and by Alizadeh =t al. (40 thal examined the gene xpression
profiles of patimis with diffuse large Becell mophoma Cfien
the purpoue of class dscovery is to idsntify cluss reganding the
heteregeneity of disasse pathogemesis.

LEITATIONS OF CLUSTER ANALYSIS FOR
CLASS PREDICTION

One of the most common emror: in the analysis of DNA
microarray data is the me of clusier analysis and simple fold
change staiisiics for problems of class comparison and class
prediction. Alibough chster analysis is appropriaie for clss dis-
cowery, il s often noi effective for class comparison or class

rediction. Cluster analysis refers to an eximsive sat of methods
or partiticning samples into groups on the basis of ihe similari-
tizz md differznees {referred 1o as distances? among their geae
expression profiles. Becouse there are many ways of mewuring
distmoss among gene expression pofilss involving thoosands
of genes and becanse theve are many algorithms for partitioning,
cluster analysis is @ very subjective malysis siraizgy.

Cluster analysis is considersd o unsupervised method of
anakysis becanse no information aboul sample groupng & usad.
The distance m - lly compued with rzgard 1o the
complete szt of genes reprzsented on the armay thal ove measured
with sufficiently high signals, or with regard 1o all the genes thai

Afdiciaer of curbers: . Siman, K. Dabbin, L M. McShose, Biomamic
Emexch Brech Naicws] Cascrr [mitnie, Nationsl kotioees of Heslih,
Botaxds, MD% M. 0. Esdrecher, Deparimenin of Biolegy asd Madeouicn,
Kenyea College, Gabier, OH.
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show meaningful varistion across the sample sei. Becawe rela-
tively few genss may distmguish sy particular class, the dis-
tances used in clusier malysis will ofien oot reflect the inflence
of these relevant genes. This feature acoounts for the poor pesules
ofien obtained in aflempting 10 we closier analysis for clms
pradiction smdies.

Chuster analysis also does not provide siafisrically valid qoan-
tilafive information about which gemes are differentially ex-
pressed beiween classes. [mvestigaiors often uss simple averags
fold change measures or wisual inspeciion of a cluster imags
display 1o Weniify diffsrencally expressed genes. However, av-
enage fold change mdices do not account for varahilicy in genz
EXression aoross samples wikhin the same class; saome twofald
average efferis reﬂesm: statistically significant differsnces and
some do not. Neither fald changs indices nor visual inspection of
clusier image displays emahle the imvestigator to deal wich mul-
tiple comparison issues in a siatistically vald mamer. For ex-
amplz, in sxamining expression lavals of thowands of randomly
warying genes, there may be mny genes thal spuriously appear
to be differential ty expressed betwezn two classes on the basis of
vizual mspecion or fold chage thresholds,

CLass PREMCTION USING SUFERVISED METHODS

For clies prediction siudies, il is more appropriate io use a
supervised methed fie., one that makes distinclions among the
specimens an the basis of predefined class label information
than an unsuperized method, such @ clusier malysis. Super-
wized class pradiction is vsmlly bassd on the assumption that a
callaction of differsncially expresssd geres is asscoisied with
clas distinction

The first siep inward consiruciing the cles predicior (some -
timzs called the clssifier) is 1o szlect the subssi of informative
genes. The szoond sizp is ofizn o waign weights relaizd to the
mdividual predictive sirengths of thess informatve genss, Pre-
dicions based o0 [mear combinations of the weighied intmsicy
memurements of the nformative genss have besn p
(1.5) One alizcnative methed is o use 2 dimension reduction
t=chnique such as principal comparents analysis or partal least
squares on the informative g=nes and io bass the predicion an
the resuking faciors (8-S Many cther methods for definng a
moultivariate predicior have been described {2001, The final siep
n consincting the clasiier is io define the prediction nle. For
example, in @ two-group clssification wherz a single predicior
v compuied, the classification rule may simply be a threshald
waloe; o specimen s classified as being in ooz group if the
derived predictor value is dess than the threshold and classifisd
a5 heing in the other group if che derived prediceor value is mare
than the threshold.

On= major limitation of supervissd methods is overfiiting ihe
pradicior. Overfitting means that the oumber of parameiers of
the mode] is 100 large relative 1o the numbsr of cases or speci-
mens availible. Becauss the mode] parameters are optimized for
the data, the model will il the onginal data bul may predict
poorly for independent dat. This happens becouse the model fies
random varigtions within the original daia that do nol reprassnt
ruz relafionships that hold for independent data. Conszquantly,
& is asszntial to oblain an unbiased estinaie of the wue 2cror rale
of the predictor (i.2., the probabilicy of incomecily classifying a
rendomly selecied fmrs cass).

Methods for obuining mbiassd esimaies of a predictor’s
emor rae include leave-onz-out cows-vahdation or application

Journal of the Mudond Cancer [nstiue, Yol 95, Mo, 1, Jmoy 1, 2003

of the prediction rule developed from a supervized analysis of
are dalwel 10 an independent dataset By using thess izchniques,
it is posaible mot caly 1o evaluale overfitting the pradicior, boi
also b0 compare varioos prediction methods and wseess which
ares are ls1z prone o overditting. The appropriaie we of leave.
are-out cross-validation and validation of independent datiseis
is discussad in the next two seclicas.

CROSS-VALIDATION OF PREDICTION ACCURACY

The padformance of a clas prediction rule is besi maessed by
applying the ke creaied on one sei of daia {the training sei’ io
an independeni set of dat (the validation setd. Bacause mast
clinical research labaraories have acczss to oaly a limited oum-
beer of umor samples, withholding a substantial proportion of the
samples from the wraining set for the sake of oreafing a validation
s=t may considerably reduce the perfonmance of the prediction
mle. Cross-validafion procedures use the data mare efficently.
& small number of spacimens are withheld, and most of the
spazimens are uzed io build a prediciar. The prediciar iz wed 1o
predici clms membership for the withheld specimens. This pro-
ceas is iteraied, leawing oul a new sst of specimens ai each step,
urkil all specimens have been classified. In leave-one-oul cross-
validation, for example, each specimen is excluded from the
iraining 5=t one @i a doe and then clssified on the basis of
the predicior buili from the data for all of the other specimens.
The leawe-one-om cross-validation procedure provides o nearly
urbiased estimabe of the tue error raie of the classification pro-
cedurs. The estimated 2rror raie appliss to the procedure wed 1o
build the clmsifier rather than io ihe spacific prediciion model
baszd on all the data, because thees is a different classifier for
each leavesone-out training =t (11021 Other cross-validation
methods omil more than ooe specimen af a Gime (1) and also
preduce nzarky unbiased sstimates.

In the prewious ssciion, theee common components of class
prediction methods were listed: 13 selection of infomative
pen=s, 1) computation of weighis for sslected informative geres,
and 3 creation of & prediction mle. [t is mportne tha all these
sieps undergo the cross-validation procedure. Failwe to cross-
validaiz all sisps may lead 1o substaniial bias in the esimaed
2ETOF rake.

We performed a simulation 1o exomine the bias in esti-
mated ecror rales: for aclass prediction study with various levels
of cross-validation (sre supplemental information o hitpad
jocicancen peoirom.oupjoumals. orgjociicontenttrol 95 issuel !
ind=xshiml and &t hitpetfiouzneinihgow'beb for a foll de-
szription of the simulation). We conzsidered rwo types of leave.
anz-pui cross-validation: cne with removal of the lefioui
spacimen before selection of differentioly sxpressed genss and
ame with removal of the lefi-out specimen after gene selection
bt before compuiation of gene weighis and apphication of the
prediction rule. We abo compueed the resubstiution estimale of
the zrror rade (this estimaiz rasulis from building the predicior on
the fill dataset and then reapplying it to sach specimen for
classification purposss). In each simulated datassi, 20 expres-
sion profiles of 000 penes were randomly generated from the
same disirbution. Ten profiles were arbirarily msigmed o class
1 and the atter 10 profiles to class 2, creating an anificial sepa-
ration of the profiles mio two classss. Becauss no roe mdedy-
ing differznce exisizd betwesn the iwo classes, the cliss pre-
diction should perform o betier than 4 randomn guess, with
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estimabed srror rates for simolabed datassis centerng arcund 0.5
{i.e., 10 misclzesifications of 200,

The cbserved numbser of misclassifications resulting from
each level of cross-validation for 2000 simulaed dabasets @
shown in Fig. 1. The resubstimtion estimate of the ervor is bizsed
for small datasews ¢/1L125 ow simolaticn confirms this, with
.2% of the simulated datasets resulting in zero misclassifica-
timns, even though no woe underlying difference exived beiween
the two groups. Moreover, the maximum aumber of miszlessi-
fied specimens obtained wsing the resubsiiuion method wm
one Cross-validating the prediction rule after seleciing diffar-
entially sxpressed genzs from the full daimwet does litle 4o cor-
r=ct the bias, with 00.2% of simulated datassts still resulting in
zzro misc lassifications, However, when gene selection is also
subjected fo cros-validation, we observed resulis in line with
our expectation: the medion nomber of misclassifisd profiles
wu 11, alihough the rangs wa largs (020,

This simuolation resulis undericore the imporiance of cross-
walidaing all steps of pradicior constniction in estimating a tnie
eror rabe. & racenily poblished study §f4) also illusiraes the
point. von't Yeer o al. (140 predicted clnical cutcome of pa-
tienis with axilley lymph node-negative bremt cancer (meta-
soatic diszase within J years versus diszase-free o 5 years) from
geme expression profiles, first by using an incomplelz <ross-
walidation method and then by using a fully cross-vahdaied
method Their incomplete cross-validation method did not in-
clude resalection of the diffaremtially sxpressed genss. The in-
westipators controlled for the mumber of misclassifisd recument
patizniz (ie, the ssnsitivity of the et} n both s¥tmtions. Ta
illusiraiz the imparance of proper cross-validating, we focus
atiention on the difference in estimated emwor rates for the dis-
easefres patienis. The incomplelr cross-validation method and
the fully cross-validaed leave-coz-oul meihod resuk moesti-
mmizd ervor rates of 279% (12 of 449 and 41% (18 of 44, re-
spectively. The moomplete methed nesulis in 4 serionsly hizsed
undzrzatimate of the emor rate, probably lagely from overfitting
the pradicior io the specific datasst.

Alibough van't ¥Weer =i al. (!4} r2pon boih the parfally and
fully crozs-validaied astimaies of the emor rate, it is the smallsr
and invalid partially cross-validaied estimabe that has received
meare aiiention {151, When cross-validation meihods are improp-
erly perfommed, i, wilhow repeating all sieps of gene selection
and predictor constroction within each siage of the cross-
valdation, the resulis can be almest as bimed as if cross-
validation had noi besn used. Unformunately, this emor is com-
mar In a recent study (760 where decision mees were il from
genz expression data bo claesify specimens a5 normal colon or
colon cancer, the awhors wed a procedurs that oross-validated
anly the steps that cocurred afier selaction of the informatve
penzs. The full dataset wio used oo idenify the informatve
EEnzs,

WALIDATION 0N INDEPENDENT [MaTA

A closs wedictor that resuks in 2 small, propedy cross-
validaizd error raie for a collsction of fumor specimens is a
potentially important finding boi one that still requires furiher
validation. This is especially wos for class prediciion sudies
bas=d on fewer thon 30 umer specimmens. The relatively small
sample sizes necessilate validation of the predicior on indepen-
dently collecizd daia for at least two reasons. First, although
crms-validaied error estiimates are nearly unbised, they have o
lorge warimoe for small sample sizes (7). For example, a cross-
validated error rate of 010 dzrived from a set of 20 tumaor: may
have & large associsied standard evror and doss not guaranies a
true emror rate of 0,10 for the prediztor. The standard erarcan be
reduced somewhat by using more complex versiom of cross-
validation {17, Second, the tumors ussd to build the predictorin
the orignal siudy may not accurately reflect all characieristics of
the underlying populations of mierest; the predicior may ignone
imponant properties of the largsr population or heavily weight
peculiaritiss of the iraining s=i.

An indspendent validation datasst should ideally be large
enough to demonsirale soaistically ihai predictions are sccurae.

100

Fig. 1. Eifect of varicas kvel of cooevalida-
ton an dhe ined aer e of 2 prafiaor de-
rived from 00 amnuined demas, Clhun kibeb
wan whinxily snigead © e ipizen within
S - T - p—
pocied. Cluan precizicn s parformed on ach
detaves 3 dusceibed i the mpplamentd infor-
matian (hapdfjecizspmnpeanin sapper st
cogljaciionemiva 15 ivmse linden bemnl. amed
beapailiness nci.aih gov-bebl, varying the kel
of laerve-car-cui crow- validetion wed in e pre-
diction. Veriical bars isdicss the proponian af
simrdeied deissas (ol 20811 renhing i o gives
oupha of misclaificsiian for o apecified
crom- velidatian mimegy.
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Prediction Error Estimation: A Comparison of
Resampling Methods

Annette M. Malinaro™"! Richard Simon®, Ruth M. Pfeiffer®

*Blostalistics Branch, Division of Cancer Epidemiclogy and Genebics, NCI, MiH,
Rockville, MD 20852, "Department of Epidemiology and Public Health, Yale
Unfvarsity Schoal of Medicing, New Haven, CT 08520, “Biomedric Research Branch,
Diviston of Cancer Trealment and Diagrnastics, NCI, NIH, Rockeille, MD 20852

ABSTRACT

Muotivation: In genomic studies, thousands of lealures are
collected on relatively few samples. One of the goals of
these studies ks to bulld classfiers to predict the outcome of
future obeervations, Thers are three inherant steps to tis
procass: feelure selection, model selection, and prediction
sesessmant. With & focus on prediction assessment, We comm-
pare several methods for estimating the “rue’ prediction error
of a pradicticn modal in the presance of feature selaction,
Resulis: For small studies where features are selected from
thousands of candidates, the resubstitution and simple split-
sample estmates are sericusly biased. In these small samp-
ez, laave-ons-out (LOOCY), 10-old crass-validabon (CWV),
and the 832+ booltsirap have tha smallest bias for diago-
nal discriminant analysis, nearast naighbeor, and dassification
Irgas, LOOQCV and 10-fold GV have tha smallast bias for linear
discriminant analysis. Additionally, LOOGV, 5- and 10-fld GV,
and tha B32+ boatstrap hava tha kowes! maan squara arrar,
Tha B32+ bootstrap is quite biasad in small sampla sizes
with strong signal fo nolse ralios. Differences in perfarmancs
amaong resampling methods are reduced as the number of
specimens available increase.

Avnilability: A complate compilalion of resulls in lables and
figures |s available in Molinaro o ol (2005} R code for
simulalions and analyses is available from the authors,
Contact: Bnnette molinarofiiyele edu

1 INTRODUCTION

In genemic experiments one frequently encounters high
dimensional data and small sample sizes, Microarsays simul-
tnecusly moendior expression levels For several thonsands
of genes. Pretgomic profiling swdies using SELDI-TOF
(surface-entinced bser desorption and donization tme-of-
flight] measure siee and eharge of predeins and profein frag-
ments by mass speciroscopy, and result imoup to 15,000
imbengity levels at prespecified miass values for each spectrom.
Sample sizes m such experimenis are rppically less than LK.

1o i commesponideios sl b siessal

L iy studies observations are knowin o belong to pre-
determined classes and the task is to budd predictors or
classifiers for new observations whose class is unknown
Deciding which genes or proteomic measurements o include
in the prediction is called fowiure selecilon amd is 8 eru-
cial step in developing a class predicior, Including oo many
noisy variahles reduwces accuracy of the prediction and may
lead 1o ever-fiing of data, resulting in promising but often
non-reproducible resulis {Ranscholl, 2004).

Amnodher difficulty is model selection with numerous ¢las-
sification models available. An imporant siep in reporning
resulis is assessing the chosen model™s error rale, or gene-
ralzzability. In the absence of independent validation dat, &
commmon approach o estmatng predictve aceuracy 15 hased
o some form of resampling the ongimal doga, ep., eross-
walidation. These techmiques divade the data mto o learming
sel and o test set and range n complesity from the popular
learning-test gplit o v-fold cross-valdation, Momte-Carlo -
fold cross-valdatron, and bestsirap resampling. Few compa-
risons of stndard resampling methods have been performed
to v, aved ol of them exhibit imitations that make their
conclusions inapplicable o most genemic seitings, Barly
comparizons of resampling techniques in the leerature are
focussed on model selection a8 opposed to prediction erros
estmation |Breiman and Spector, 19462, Burman, 19890, In
two recent assessments of resampling technigues for error
estimation {Braga-Meto and Dougherty, 2004, Efron, 2004),
feature selection wis nod included as part of the resampling
procedures, causing the conclusions 1o be inappropriate for
the high-dimensional sening.

We have performed an extengive comparison of resamp-
ling methods 1o estimate prediction error using simadated
{large signal 1o noise mitol, microamay {ntermediate signal
1o noise ratio} and proteomic data (low signal 1o noise o),
encompassing increasing sample sizes with large numbers
of features. The mmpact of festure selection on the perfor-
mance of vanous cross validation owethods s highlighied.
Ihe results elucidate the "best” sesampling echnigues for

1) Dixiord Universty Press 2005



Much of the conventional wisdom of statistical analysis is
focused on inference, not on prediction

Demonstrating statistical significance of prognostic
factors is not the same as demonstrating predictive
accuracy

Predictive models should predict accurately for
Independent data; the model itself need not be
reproducibly derivable on independent data

Most statistical methods were not developed for
prediction problems and particularly not for prediction
problems with >10,000 variables and <100 cases



Myth

 Development of good predictive classifiers
IS not possible with >1000 genes and <100
cases or requires huge sample sizes



Sample Size Planning
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Conclusions

 New technology and biological knowledge make
It iIncreasingly feasible to identify which patients
are most likely to benefit from a specified
treatment

 “Predictive medicine” Is feasible but does not
mean a different treatment for each patient

e Targeting treatment can greatly improve the
therapeutic ratio of benefit to adverse effects
— Smaller clinical trials needed
— Treated patients benefit
— Economic benefit for society



Conclusions

* Achieving the potential of new technology
requires paradigm changes in focus and
methods of “correlative science.”

* Achieving the potential of new technology
requires paradigm changes in partnerships
among industry, academia, and government.

« Effective interdisciplinary research requires
Increased emphasis on cross education of
laboratory, clinical and statistical scientists



Acknowledgements

Post-Docs

— Kevin Dobbin

— Aboubakar Maitournam
— Annette Molinaro

— Michael Radmacher

— Sudhir Varma

— Wenyu Jiang

Boris Freidlin

Yingdong Zhao
BRB-ArrayTools Development Team
— Amy Lam

— Ming-Chung Li

— Supriya Menenzes

— Michael Ngan



	Harnessing Biotechnology, Biostatistics and Bioinformatics for 21st Century Biomedical Research
	DNA Microarray Technology
	Microarray Environment
	Problems Illustrated by Microarray Development
	BRB Website Resources for Education of Biomedical Scientistshttp://linus.nci.nih.gov/brb
	Using Genomic Classifiers In Clinical Trials
	Using Genomic Classifiers In Clinical Trials
	BRB Websitehttp://linus.nci.nih.gov/brb
	BRB-ArrayTools
	BRB-ArrayToolsJune 2006
	BRB Array Tools
	Moving from Correlative Studies to Predictive Medicine
	“Biomarkers”
	Surrogate Endpoints
	Biomarkers for Treatment Selection
	Oncology Needs Predictive Markers not Prognostic Factors
	Pusztai et al. The Oncologist 8:252-8, 2003
	
	
	Developmental Strategy (I)
	Evaluating the Efficiency of Strategy (I)
	Two Clinical Trial Designs
	Pharmacogenomic Model for Two Treatments With Binary Response
	Randomized Ratio(approximation)
	Randomized Rationuntargeted/ntargeted
	Screened Ratio
	Imperfect Assay Sensitivity & Specificity
	Proportion of Assay Positive Patients That Express Target
	Randomized Ratio
	Randomized Ratiosensitivity=specificity=0.9
	
	Comparison of Targeted to Untargeted DesignSimon R, Development and Validation of Biomarker Classifiers for Treatment Selecti
	Interactive Software for Evaluating a Targeted Design
	Developmental Strategy (II)
	Developmental Strategy (II)
	Key Features of Design (II)
	Developmental Strategy (IIb)
	The Roadmap
	Guiding Principle
	Development of Genomic Classifiers
	Development of Genomic Classifiers
	Development of Empirical Gene Expression Based Classifier
	Adaptive Signature Design An adaptive design for generating and prospectively testing a gene expression signature for sensiti
	Adaptive Signature DesignEnd of Trial Analysis
	
	Treatment effect restricted to subset.10% of patients sensitive, 10 sensitivity genes, 10,000 genes, 400 patients.
	Overall treatment effect, no subset effect.10,000 genes, 400 patients.
	Validation of Predictive Classifiers for Use with Available Treatments
	
	
	Myth
	Sample Size Planning References
	Conclusions
	Conclusions
	Acknowledgements

