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Oncology Needs

e Better treatments

 Better targeting of treatments to the
right patients



 Many cancer treatments benefit only a
small proportion of the patients to which

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



“Biomarkers”

e Predictive classifier

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

e Surrogate endpoints

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



Surrogate Endpoints

 |tis very 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

— Must demonstrate that treatment vs control
differences for the candidate surrogate are
concordant with the treatment vs control differences

for clinical outcome

— It is not sufficient to demonstrate that the biomarker
responders survive longer than the biomarker non-
responders



* Biomarkers for use as endpoints in phase |
or Il studies need not be validated as
surrogates for clinical outcome

« Unvalidated biomarkers can also be used
for early “futility analyses” in phase Il trials



Progression-free survival according to allocated treatment
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It is usually more difficult and time
consuming to properly “validate” an
endpoint as a surrogate than to use the
clinical endpoint in phase Il trials

 Critical path objectives may be more
effectively met by developing classifiers for
treatment selection than by trying to
validate surrogate endpoints



 FDA terminology of “valid biomarker” and
“probable valid biomarker” are inappropriate

e “Validation” has meaning only as fithess for
purpose and the purpose of treatment selection
classifiers are completely different than for
surrogate endpoints

« Criteria for validation of surrogate endpoints
should not be applied to biomarkers used for
treatment selection



 The components of multi-gene exrpession
based classifiers should not have to be
“valid biomarkers”

e Itis often much easier to develop an
accurate predictive classifier than to
elucidate the role of the component genes
In disease biology



Oncology Needs Predictive Markers
not Prognostic Factors

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

* Most prognostic factor studies are poorly
designed and not focused on a clear objective;
they use a convenience sample of patients for
whom tissue Is available. Generally the patients
are too heterogeneous to support therapeutically
relevant conclusions

e Prognostic and predictive studies should be
designed with as much care and statistical rigor
as clinical trials



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.”



 Clinical trials of molecularly targeted drugs
focused on patients whose tumors are
expected to be susceptible to the drug can
be much more efficient than traditional
broad clinical trials



* In new drug development

— The focus should be on evaluating the new
drug In a population defined by a predictive
classifier, not on “validating” the classifier

* In developing a predictive classifier for use
In restricting a widely used treatment
— The focus should be on evaluating the

classifier; Is clinical outcome better If the
classifier i1s used than if it Is not used?



New Drug
Developmental Strategy (1)

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




Applicability of Design |

* Primarily for settings where the classifier is
based on a single gene whose protein
product Is the target of the drug

o With substantial biological basis for the
classifier, it will often be unacceptable
ethically to expose classifier negative
patients to the new drug



« Traditional parameters of sensitivity and specificity are
not applicable to estimating relative efficacy of a new
regimen versus a control with survival or progression-
free survival endpoint

— The relevant parameters are treatment effect in classifier positive
and classifier negative subsets
* “When your only tool is a hammer, everything looks like
a nail”

* Forcing predictive medicine based drug development
Into square boxes developed for traditional medical
devices creates a serious roadblock to the introduction of
effective pharmacogenomic based therapeutics



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.

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



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




Web Based Software for
Comparing Sample Size
Requirements

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



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



e This analysis strategy Is designed to not
penalize sponsors for having developed a
classifier

e It provides sponsors with an incentive to
develop genomic classifiers



* The alternative design of separate testing
of treatment effect in classifier positive and
negative subsets is generally not viable

— With classifier tightly linked to drug target, it
may be ethically unacceptable to expose
classifier negative patients

— With empirically based classifier, it will be
better to not measure classifier than to be
forced to demonstrate effectiveness in both
subsets separately



FDA Subset Catch 22

Do not accept claims based on subset
analysis

 Require sponsors to do subset analysis to
establish that a claim based on overall
treatment effect applies to all subsets




Predictive Medicine not Correlative
Sclence

 The purpose of the RCT Is to evaluate treatment
T vs C overall and for the pre-defined subset

 The purpose is not to re-evaluate the
components of the classifier, or to modify or
refine the classifier

 The purpose is not to demonstrate that
repeating the classifier development process on
Independent data results in the same classifier




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



Use of Archived Samples

 From a non-targeted “negative” clinical
trial to develop a binary classifier of a
subset thought to benefit from treatment

* Test that subset hypothesis in a separate
clinical trial
— Prospective targeted type (1) trial
— Prospective type (ll) trial

— Using archived specimens from a second
previously conducted clinical trial




Development of Genomic
Classifiers

e Single gene or protein based on
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 8:101-117, 2007.



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



Validation of Predictive Classifiers
for Use with Available Treatments

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

« 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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identified

DA microarray rechnology his found many applications in bio-
medical research. In oncology, icis beingused oo berrer understand
the biological mechanismes underlying oncogenesis, wo discover new
wmrgers ind new drugs, ind o develop classifiers (predicrors of good
ments {1-4). Microarray-based clinical research is @ recent and
acove iren, with an exponentally growing rmmber of pablicariores.
Bath the reproducibiliny and validity of findings have been chal-
lenged, bowever (3,60, In our experience, microarmy-based clinical
investgations hive generatad both unrealisric hype and snwessive
skeptcism. We reviewed published microarmay snadies in which
gene expression dawa are mnalyzed for reldorships with cancer
ounzomes, and we proposs guidelines for smcsdeal anabysis and
reporting. based on the most common and serics  problems

Critical Review of Published Microarray Studies for
Cancer Outcome and Guidelines on Statistical
Analysis and Reporting

Alain Cupuy, Richard K. Simon

Boith the validity and the reproducibility of microsrry-bassd clinical ressarch hawve bssn challengsd. Thers
is & resd for citical rewiew of the statistical analysis and reporting in published microarray studiss that
focus on cancer-relsted clinical outcomes.

Studies published through 2004 in which microsrray-besed gere expression profiles were snalyzed for
their ralation to & clinical cancer outcome were identified through & Medline ssarch followed by hand
soresning of abstracts and full test articlss, Studiss that wers sligible for cur snslysis sddresssd ore or
more outcomes that were sither an svent cocurring during follow-up, such s death or relapss, or & thera-
peutic responss, We recordsd desoriptive characberistics for all the sslecbed studies. & critical review of
outzorne-related statistizal sna lysss was undertaken for the articlss published in 2004,

Mirety studies wers identifisd, and their descriptive chsrscteristics are prassrted. Sbey-sight (76E) wers
published in journals of impact factor greater than 6. & detsiled account of the 42 studies [47%) published
in 2004 is rsported. Twentyors (9095 of them contained st lsast one of the following three basio flaws:
15 in cutcome-rslated gere finding, sn urstst=d, unclesr, or insdequats control for multiple testing: 2 in
class discovery, 8 spurious claim of comelstion betwesn clusters snd clinical cutcome, made after olusber-
ing samples using & selection of outcomes.relatsd diffsrentially sxpressed genes; or 3 in supsrvissd pre.
diction, & bisssd sstimation of the prediction acourscy through an incormect crossvalidation procsdurs.

The most common and ssrious mistskss snd misundsrstsndings recorded in published studiss ars
described and illusiratsd. Based on this snalysis, 8 proposal of guidelines for statistical analysis and
raporting for clinical microamay studiss, presented as & checklist of “Do's and Don'ts,” is provided.

J Matl Carecer Inst 200798:147-57

Medicine, followed by hand sereening of absrraces and aricles. The
denailed process of selecdon is presenred in Supplemennary Mowe |
{aviibble coling). The inclasion criteria were as follows: the work
wis an original clinical sndy on buman cancer pacients, published
in English before December 31, 2004 it aralyzed gene expression
clara of more than 1000 spows; and i presenced smcsdcal analyses
relating the gene expression profiling ro 1 clinical curcome. Twe
rypes of ourcome were considered: 1) A relapse or deach coour-
ring <uring the course of the disese. I} A thenpeudc respomse.

Affiliadons of swhors: Biomairio Fessarch Brench, Division of Canoor
Treatrment ond Disgnosis, National Cancer nstitube, National nstitubes of
Hualih, Bethesda, MD (A0, FME; Universits Paris Y11 Denis Didarot, Paris,
Fra oADK A ssksion s Pubdiqua-Hepitous d Porks, Servios de Commatclog i,
H& plal Saini-Louis, Paris, Fraroe DL

¢ Richard M. Simon, OSo, Mational Canoor Instk ke, S0
Fickyilka Fika, MSC 7434, Bathasda, MD 5306800 (o -msl: reimonanihgoi.
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Major Flaws Found in 40 Studies
Published in 2004

Cluster Analysis of samples

— 13/28 studies invalidly claimed that expression clusters based on
differentially expressed genes could help distinguish clinical
outcomes

Outcome related gene finding

— 9/23 studies had unclear or inadequate methods to deal with
false positives

* 10,000 genes x .05 significance level = 500 false positives

Supervised prediction
— 12/28 reported a misleading estimate of prediction accuracy

50% of studies contained one or more major flaws
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Transformm tima-to-outcorme data into a binary outcome
vanabla if the goal is to predict groups with differant
surdival probabilitias.

Outcome-ralated gene findingt

9 Chsn't

10 Don't  Usa only fold changes batwaan groups to salact tha
diffarertially axpressad ganss,

11 Don't  Usea 05 Pyalue threshold to salact the diffarantially
exprassad ganas.

12 [hi Usa a mathod for contraling the number of falsaly
diffarartially axpressad ganss,

13 [ Usa a parmutation tast to assess tha probability of finding

the same number of differantially expressad ganas as
tha ona yvou found from yvour datasat,
Class discoveny

14 Don't  Use class discovary mathads if you ara intarestad in
clazsifying new samplas in tha futura,

1% Don't  Use a salaction of outcome-ralatad differantially expressad
gargs if you intend to comalate cluster-defined classeas
with the outcome.

16 Don't  Select the custaring method that gives the best rasult.

17 [his Usa mathods for tasting tha reproducibility of clustar
firding.

18 Don't  Use corventional statistical tests for computing the

statistical significanca of ganes that are diffarantially
exprassad batweaan two clusters,
Supervisad pradiction

19 [ Frame a therapautically relevant quastion and salaecta
homogeneous ot of patients accordingly.

20 Don't  Violata the fundameantal principle of classifier validation,
&, no preliminary use of the tasted samples.

21 Con't  Attemnpt to pradict cluster-defined classeas,

Evaluating tha pradiction on a separata tast sat

Usze statistical mathods suitad for tims-to-event data, unlass
you can ensura the absanca of bias dus to transformation.
Sea text and Supplemantary Fig. 2 favailabla onling).

This dogs not take into account the variance of tha ganas”
data valuss,

A sat of 10000 ganas will viald on average 500 falze-positive
genas if this thrashold is usad.

Lowernng the P valua thrashald for selection (a.g., to 001} is
tha simplast mathod, Others are availabla.

The rasult should be significant at .05 P valug leveal,

Supmrvised pradiction should be usad for this purpose, It
utilizes the outcomea information to optinmize pradictiva
accuracy. Sea text,

Supmrvised clustaning leads 1o a spurious correlation batweean
clustar and cutcoma, Saa text and Fig. 1.

Class discovery should not ba rasult driven.

Azzassing the raproducibility of clustar finding withaout
using extarral information makes class discovery mora
COMVINCING. See taxt,

Thesa tests assume indapendance batwaan class dafinition
and axpression profile data, which is not the casa for
clustar-dafinad classes.

Classifiers developad cutside a spacific therapeutical ly
ralavant context are unlikely 1o b useful and utilized. Sea
taxt.

Most of the “Don't ™ itams on validation proceduras are
illustrations of how this principle can be viclated, Sea taxt
and Fig. 2 and Supplermantary Fig. T @vailable onlina).

Classas should be defined indapendantly from the axprassion
profila data,

22 Don't  Use any information from the tast set for developing the The test sat is to & used exclusively for avaluating the
classifier. clagsifier parformance. Sea taxt and Fig. 2.

23 [his Accass the test sat only once and only for tasting tha The tast sat must not be usad to choose the bast cassifier,
samplas with tha fully spacified classifier devalopad Seoa text and Fig. 2.
from the training set.

24 Doy Usa the same cutcomea definition as the ons used in the
training sat.

{Table continuas)
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Usg all the samples from the dataset to develop the
classifier and tast tham.
Usa the same featura saelection for all iteration s,

FParforrmm a cross-validation procadura on a selaction of
outcome-ralatad diffarentially expressed ganas.

Raport the estimates for all the classification algenthrms if
savaral have baan tasted, not just the maost accurate,

Consider that testing a faw additional indepandant samplas
adds valus to a comactly crosswvalidated estimate of the
classifier pradiction accuracy.

Raport the fully spacified classifier with its parametars.

Raport the corractly validatad sensitivity and specificity or
positive and negative apparent pradictive values ifora
bimary cutcormia),

Usa an odds ratio to assess the parformance of the
pradiction (for a binary cutcormeal.

Raport the statistical significanca of the prediction accuracy
and, evan battar, of the sansitivity and speacificity for a
Limary cutcorma),

Usa a Fishar's exact test or chi-squars tast to assess tha
statistical significanca of the pradiction accuracy for a
Lirary cutcome,

Pay attention to the imbalancs between outcoma
catagorias whean interprating the pradiction accuracy of a
Lirary cutcome,

Usa the log-rank test for tasting the differenca in survival
betwean cross-validated groups.

Usa standard regression models, &.q., logistic regrassion
or proportional hazards model, with cross-validated
pradictad groups,

Azsass the utility of the prediction based on the valua
of the regression coafficient or on its Fvalus from
multivariabla ragression modals.

Azsass the added value of tha classifier by examining its
performmanca within tha levels of the standard prognostic
factors.

Azsass tha utility of the classifiarin a clinical context,
for the therapeutically relevant question, and plan, if
appropriata, further studies for axtarral validation.

The resubstitution astimate is not a croess-validation
procadura, Saa taxt and Fig, 2.

This inflates the astimate of tha prediction accuracy. Sea taxt
and Fig. 2.

Idam. Invalid atthough commanly done,

Howaver, this may ba valuable if the additicnal samples ara in
sufficiant number and ara represantative of the samples in
which the classifier might ba used in the futura, Soa taxt.

S it can be usad by othars. Paramaters are obtainad from
tha whola training set in a saparate test sat procedure ard
from the whola dataset in a cross-validation procadurs,

Racaiver-oparating charactanstic curvas may also e usad,
Sea text.

The odds ratio is a measure of association, not of pradiction
accuracy. See text and Supplemantary Fig. 2 lavailabla
onling).

It statas the probability of chtaining a prediction accuracy
a3 high as actually chserved if thare was no relationship
betwean the exprassion data and the outcoms. See text,

They do not test the statistical significance of the prediction.
Sea text and Supplamantary Fig. 2 {availabla onling).

0% prediction accuracy may be inadequats if outcome
catagonas are highly imbalancad, Sea taxt and
Supplarmentary Fig, 3 {available onling).

The test is invalid becausa of a deperdancy among casas
aftar cross-validation.

Idem.

Fagrassion coefficients are poor maasuras of prediction
accuracy, and the test of statistical significance simply
assessas if the coafficient is differant from 0. See taxt.

Other approaches can be used. Saa text,
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BRB-ArrayTools

Contains analysis tools that | believe are valid
and most informative

Extensive analysis tools for developing and
validating predictive classifiers
— Binary or survival endpoints

Guided selection of analysis tools for
biomedical scientists

Imports data from all platforms and major
databases



BRB-ArrayTools

* Extensive linkage to gene annotation
websites

e Extensive analyses for integrating gene
expression with other biological
iInformation

* Publicly available for non-commercial use
— http://linus.nci.nih.gov/brb




BRB-ArrayTools

December 2006

6635 Registered users
1938 Distinct institutions
68 Countries

311 Citations



Conclusions

 Developments in biotechnology and tumor
biology make It increasingly feasible to
identify which patients are most likely to
benefit from a specified treatment



Achieving the potential of new technology requires

e Paradigm changes in study design, moving from
“correlative science” to predictive medicine

 New organizational structures and resource allocations
to foster excellence in interdisciplinary research among
biostatistical, laboratory and clinical scientists

— Traditional core support structures are ineffective for high level
collaboration

— Major studies continue to be poorly designed and analyzed
— Over-emphasis on software engineering at the expense of
biostatistical collaboration
 FDA policies that encourage development of classifier
targeted therapeutics
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