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Prognostic & Predictive Biomarkers

Predictive biomarkers

— Measured before treatment to identify who Is
likely or unlikely to benefit from a particular
treatment

Prognostic biomarkers

— Measured before treatment to indicate long-
term outcome for patients untreated or
receiving standard treatment



Prognostic & Predictive Biomarkers

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

Being able to predict which patients are or are
not likely to benefit would

— Save patients from unnecessary toxicity, and
enhance their chance of receiving a drug that helps
them

— Control medical costs
— Improve the success rate of clinical drug development



Prognostic & Predictive Biomarkers

e Single gene or protein measurement
— ER protein expression
— HERZ2 amplification
— EGFR mutation
— KRAS mutation

e |[ndex or classifier that summarizes
expression levels of multiple genes

— OncotypeDx recurrence score



Clinical Utility

* Biomarker benefits patients by improving
treatment decisions

— Identify patients who have very good
prognosis on standard treatment and do not
require more intensive regimens

— Identify patients who are likely or unlikely to
benefit from a specific regimen
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K-ras Mutations and Benefit from Cetuximab
in Advanced Colorectal Cancer

Christos 5. Karapetiz, M.D,, Shirin Khambata-Ford, Ph.D., Ceerek ). Jonker, M.O., Chris | O'Callaghan, Ph.D.,
Dongshang Tu, Ph.O, Miall O Tebbutt, Ph.D,. R. John Simes, M.D., Haji Chalchal, M.O., Jeremy O, Shapira, MO,
Somia Robitaille, M.5c., Timothy |. Price; M, D, Lois Shepherd, M.DUC.M., Heatherjane du, M.C.,
Christiane Lamger, M.O., Malcalm J. Moore, M.D,, and John B. Zzlcberg, W.0, Ph.D*

ABRSTRACT
AACEGECUMD
Treatment with cetuximab, a moncelonal antibody dicected against the epidermal
growth factor receptor, Imprives overall and progression-free survival and preserves
the quality of life in patients with colorectal cancer that has not responded to che-

motherapy. The mutation status of the K-z gene in the tumor may affect che e
sponse to cetuximab and have treatment-independent prognostic value,

METHODE
We analyzed rumor samples, ohained from 394 of 572 parienrs (68.9%) with colo-
rectal cancer who were eandomly assigned to receive cetuximab plus best suppott-
ive care or best supportive care alone, to ook for activaring mutations [n exon 2 of
the K-ras gene. We assessed whether the muatation status of the K-ras gene was as-
sociated with survival in the cetuximab and supportive-care geoups,

HESILTE
O the rumors evahuated for Kome mntations, 42.3% had at least one mutation in exon 2
of the gene. The effectiveness of cetuximab was significantly associsted with K-rnrs
mutation stats (P01 and P<000] for the mtemction of Keras mutation statas with
overall survival and progression-free survival, respectively), In patients with wild-tvpe
Ferms tumess, treatment with cetuximab as compared with supportive care alone sig-
nificanthy improved overall survival imedian, 9.5 vs, 4.8 months; hazasd meio for death,
0.55; 95% confidence interval [CID, 0,41 e 0.74; PDO0T) and progression-free survivil
{median, 3.7 months vs, 1.9 months; hazand ratio for progression or deach, 040, 95%
Cl. 0,30 to 054 P<0O01L Among patients with mutsted K- tumors, there was no
stgnificant difference betwesn those who were treaces] with cetuximab and those whe
received supportive care alone wich respect to overall survival (hazard ratio, 0.98;
P=LB9 or progression-free survival (hazard rutio, 059% P=056), In the group of ps-
tients receiving best supportive care alone, the mutation states of the Ko gene wis not
significantly associated with overall survival (hazard ratio for death, 1.00; P=097),

CONCLUSIONS

Patlents wirh 4 colovecral rumaor bearing mutared K-rs did not benefit from ceruximakb,
whereas patients with 3 rumor bearing wild-type RK-ras did benefr from ceruximab. The
muation starus af the k-ras gene had no influenee on swrvival ameng parients creaged
with best supportive care alone. (ClinicalTrials gov number, NCTOHIPO0GG.)
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Figeen 1. Knplan—Maier Curves (ar Overall Surviem| According 1o Treatmart,
Pared A shows resilis for patisnts with mutsted K iumors, snd Panel B
fee pntieris with wild-tppe Koo timors. Cetuximsh ns compited with best
supparte care alone was associoled with improved aveall survival armeng
patients with witd-type Ko furnes bal net arang thase with mutsied
Koo furnoins, The difference in tredtment alfect sccording ta mutaifon sta-
tuis was algnificant {best fof irneesction, P=0.01}

Figuru 1. Kaplas—Maler Curves for Prograss|es-fres Survial Accerding Lo
Tratatirdril

Pared A sherwes reme s for paosas with murazed K- rumars, and Panel B
foe patlariis witsh wild-type K-y tumors. Cetusimad ss compamd with beat
supparties carg alone was assoclated with Hr.prawd pfﬂ-:l’lﬂluﬂ-[l‘ﬂ HUM
wval among patients with wild-type F-res umoes but sot amang thass with
mutazad K-ras tumors. The diffarence in treatrmart effact sccarding 1o mu-
tatlor srabus was signiflcant {tear for ererection, P<oodl).
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ASCO Releases its First Provisional Clinical Opinion (PCQ)

Fatients with metastatic colarectal cancer who are candidates for anti-EFGR therapy should have their tumars tested for KRAS gene mutations, according to
ASCO's first Provisional Clinical Opinian (PCO).

If & patient has a mutated farm of the KRAS gene, the Saciety recommends against the use of anti-EFGR antibody therapy, based on recent studies indicating
this treatment is only effective in patients with the normal (wild-type) form of the KRAS gene. It is estimated that 40% of patients with colon cancer have the
KRAS mutation.

"Personalized medicing is the next frortier in cancer care," said Richard L. Schilsky, MD, ASCO President. "Using KRAS testing to guide colorectal cancer
treatment is a prime example of where cancer care is heading."

"Baging cancer treatment on the unique genetic characteristics of the tumar or the individual with cancer will imprave patient outcames and help avaid
unnecessary costs and side effects for patients who are unlikely to benefit," Dr. Schilsky added.

FCOs are intended to offer timely preliminary clinical direction o oncalogists fallowing the publication or presertation of potentially practice-changing data fram
major studies. ASCO's PCO on KARAS gene testing was given prior to the January 15-17, 2009 Gastrointestinal Cancers Symposium in San Francisco,
California. The Sympasium was co-sponsored by ASCO, the American Gastroenterological Assaciation [AGA), the American Society for Radiation Oncalagy
(ASTRO), and the Saciety of Surgical Oncology (3307,

Armang the 500 presentations was an important economic and scientific study that discussed the possibility of more than half a billion dollars in savings for the
United States healthcare system. The study showed that routine testing for KRAS gene mutations in patients with metastatic colarectal cancer could save the
U3, health system up to 5604 million per year by identifying who would benefit from the drug cetuximab.

Information on the PO is currently available on ASCO.0r, and the entire report will be published in the February, 12009 issue of the Jowrnal of Clinical
Oncology (1C0).




Biotechnology Has Forced
Biostatistics to Focus on Prediction

e This has led to many interesting statistical
developments

— p>>n problems in which number of genes is
much greater than the number of cases

« Growing pains in learning to address
prediction problems

— Many of the methods and much of the
conventional wisdom of statistics are based
on inference problems and are not applicable
to prediction problems



* Goodness of fit Is not a proper measure of
predictive accuracy



Simulation
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Prediction on Simulated Null Data
Simon et al. J Nat Cancer Inst 95:14, 2003

Generation of Gene Expression Profiles

* 14 specimens (P; is the expression profile for specimen i)
 Log-ratio measurements on 6000 genes
* P~ MVN(O, lg00)

 Can we distinguish between the first 7 specimens (Class 1) and the last 7
(Class 2)?

Prediction Method

« Compound covariate predictor built from the log-ratios of the 10 most
differentially expressed genes.




Proportion of simulated data sets
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e “Prediction iIs difficult; particularly the
future.”



Cross Validation

e Cross-validation simulates the process of
separately developing a model on one set
of data and predicting for a test set of data
not used Iin developing the model

e The cross-validated estimate of
misclassification error IS an estimate of the
prediction error for the model developed
by applying the specified algorithm to the
full dataset



e Cross validation is only valid if the test set
IS not used In any way In the development
of the model. Using the complete set of
samples to select genes violates this
assumption and invalidates cross-
validation.

« With proper cross-validation, the model
must be developed from scratch for each
leave-one-out training set. This means that
feature selection must be repeated for
each leave-one-out training set.



Permutation Distribution of Cross-validated
Misclassification Rate of a Multivariate
Classifier

Radmacher, McShane & Simon
J Comp Biol 9:505, 2002

« Randomly permute class labels and repeat the
entire cross-validation

 Re-do for all (or 1000) random permutations of
class labels

 Permutation p value is fraction of random
permutations that gave as few misclassifications
as e in the real data
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Prediction of cancer outcome with microarrays: a multiple
random validation strategy

Stafor Miachiels, Sﬁru::p Koo wbng, Cathevine HiY

Summary

Background General stedies of microarray genc-cxpression profiling have been undertaken toe prodict cancer
outcame, Knowled ge of this gene-capression profile or moleoular signa here should improve treatment of patients by
allowing treatment to be taibored to the severity of the discase. We reanalysed data from the seven largest published
shadies that have attiempted o predict prognosis of cancer patients on the basis of DNA microarray analysis.

Mathods The standard strategy is to identity a molecular signature (ie, the subset of genes most differentially
eapressed in patients with different outcomes) in a training set of patients and to estimate the propertion of
misclassifications with this signature on an independent validation set of patients. We expanded this strategy
{based on unique training and validation sets] by wsing multiple random sets, to study the stability of the
molecular signature and the propertion of misclassifications.

Findings The list of genes ientified as predictors of prognesis was highly unstable; maolecular signatures strongly
depended on the selection of paticnts in the training sets, For all but one study, the proporticn misclassified
decreased as the number of patients in the raining set increased, Becanse of inadequate validation, our chosen
studies published overoptimistic results compared with those from our own analyses. Five of the seven studies
did mot claszify patients better than chance,

Interpretation The prognostic value of published microarray results in cancer studies should be considered with

cantion, We advocate the use of validation by repeated random sampling.

Introduction

The expression of several thaugand genmes can b studied

sinmiltanemusly by use of DNA microarraye. Thess
micraarrays  have been nsed in many spedalties of
madicine. [n encology, their nse can identify genes with
differemt expressions  in tmouts with different
cateoanes, ' These pene-eapression profiles or molecalar
sigmatures are expected oo assist in the selection of
optimnm treatment strategies, by allowing therapy 1o be
adapted bo the severity of the dizease” Gene-expression
profiling iz already being used in climical irials o define
the popalation of patienits with breast cancer who shoukd
receive chemotherapy. Such trials are being lannched in
Danich acadermic contres and in the LISAT

& major challenge with DMA microarray techmolegy is
analyzis of the massive data cutput, which needs o
acconnt for several sources of varability arismg from the
bicdegical samples, hybridisation protocols, scanming, and
imags analysis” DAverse approaches are nsed o dassaly
patients on the basis of expression profiles Pisher's linear
discriminant analysis, nearest-conimodd prediction nale,
and  support vector  madhine, among  athers " T
eslimate the acouracy of a classification method, the
standard strategy is via a trainmg-validation approach, in
which a tmaiming setl is used 0 identify the moleoalar
signature and a validation set & used 10 estimate the
proportion of misclassifications

Leading scientific jonmals require investigators of
DMA rmicroarray research o deposit their data in an
appropriate ntermational database,"” Fdlowing a set of

puidelimes {Mininmim Informatien Aboot a Microarmay
Experiment”]. This approsch affers an opportumity fo
propose altemative analyses of these data, 'We have taken
advamilags of this opparunity to analyse different datazets
from published shisdics of gene expression as a predicter
of cancer outcomme. We aimed 1o assess the extent 1o
which the molecular  signature deperds on the
comstilation of the iraiming set, and be shdy the
distrilnation of misclassification wales across salidation
sels, by applying a omaltiple randorn trinivg-salidation
sirategy. We explored the relation betwesn sample size
amd mmisclassification rates by varying the sample size in
the training and validation sets,

Methods
Data sources
All mmicrearray studies of cancer prognosis published
between January, 1995, and April, 2003, were reviewed
im MEE by Mezand and leannidis.' Prom this review, we
selected stodies on sarvival-related sulcomes (diseass-
free, event-free, or overall surdvall, which  had
imcluded at least & patients (lable). These smdies nsed
various  classification methods: linear  discriminant
analysis, snppor vector achines, and prediction rles
haged an Cox's regression models, The sample size
varied between 60 and 240 and the percentage of
evenits batween 1426 and 58,

Data were pumblicly available for seven shadies™"
(weldalde ar hiep:fimage thelancetcom fextras f4ar
SlEwebtable.pdfl,. We  defined & binary  clinical

wrew thelancet com Vol 365 Februany 5, 2005
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Critical Review of Published Microarray Studies for
Cancer Outcome and Guidelines on Statistical
Analysis and Reporting

Alain Dupuy, Richard M. Simen

Bk raund Both the walidity snd the reproducibility of microsrrsy-bsssd climicsl ressaroh have bsan challangad. Thers
is & resd for critical review of the statistical analysis and reporting in published microarray studies that

foous on cancer-related clinical outcomes.

Studies published through 2304 in which microarray-besed gere expression profiles were snalyzed for
their ralstion to & clinical cancer cutcome were identifisd through s Medline ssarch followsd by hand
scresning of abstracts and full teodt articles, Studies thet wers sligible for cur snalysis sddressed ore or
more outcomes that were sither an svent cocurring during follow-up, such as death or relapse, or a thers-
p=utic responss, We recorded desoriptive characteristics for all the selected studies. & critical review of
cutcome-related statistical analysss was underaken for the srticles published in 2004,

Results Miresty shudies were identified. and their descriptive characteristics are pressnted. Sbdy-sight (76%) were
published in journals of impact factor greater than 6. & detsiled account of the 42 studies (474 publisted
in 2004 is reportsd. Twentyors (5090 of them contasined st lssst ans of the following thres basic flaws:
11 in cutcome-rslsted gere finding, an urstated, unclesr, or inadequats control for multiple testing: 2 in
class discovery, 8 spurious claim of comelstion betwesn clustars and clinical cutcome, made after clusber-
ing samples using & salection of autcoms.relat=d diffsrentislly sspresssd genes; or 3 in supsreissd pre.

diction, & bissed sstimation of the prediction acourscy through an incorrect crossvalidation procedure.

Conclusions The most common and serious mistskes and misunderstandings recorded in published studies are
described and illugtratsd. Based on thiz snalysis, & propesal of guidelines for statistical analysiz and

raporting for clinicsl micros may studiss, pressnted ss s chacklist of "Do's and Dordts,” is provided.
J Matl Camcar Inst 2007:98:147-57

DA microsrray rechnology has tound many applicatiors i bic-
medical research. In oncology, ivis being used oo becver understand
the biological mechanisms underlying oncogenesis, wo disoover new
wmrgees and new drugs. ind w develop classifiers (predicrors of good
ments {14}, Microarray-based clindoal research is @ recemt and
acove iren, with an exponengally growing mnmber of publican ores.
BEaorh the reproducibility and validicy of findings have been chal-
lenged. however {3.6). In our experience, microarray-based clinical
investdgatons hive generared both unrealisic hype and emcessive
skepacism. We reviewed published microarmy soadies in which
gene erpression dam are mnalyeed for reldorships with cancer
ourcomss, and we propose guidslines for swcsdcl analysis and
reportng. based on the most common and serios  problems

Medicine, followed by hand screening of absrracts and articles. The
denailed process of selecdon i presenced in Supplemennary Note |
{avuilible online). The inchision criteria were as follows: the work
wis an original clinical snady on boman cancer padenrs, published
in English before December 31, 2004 it aralyzed gene expression
dara of more chan 1000 spos; and ic presented smrstol analyses
relating the gene expression profiling ro & clinical cumcome. Two
ypes of ounome were considersd: 1) A relapse or death ocour-
ring during the course of the disease. 2) A therpeudc resporse.

Effiliadons of sehors: Biomweino Resarch Bronch, Division of Camoer
Treatment ond Disgnioss, Mational Cancer indifule, National nsitutes of
Hualth, Bethesda, MD (AD, FMEE Univarsita Paris W1 Denis Didarot, Paris,
Fraroe A0 Assistonos Pubdique -Hepiiauxda Par s, Sorvios de Domabclog i,
Hé plal Saint-Louis, Paris, Franos (A D0

¢ Richard M. Simon, DS, Mational Canoer Instkub, G0
Rckilka Fika, MSC 7434, Bathosda, MD 20652 fa-mail: reimon @nih.gowi.
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Major Flaws Found in 40 Studies
Published in 2004

Inadequate control of multiple comparisons in gene
finding
— 9/23 studies had unclear or inadequate methods to deal with
false positives

e 10,000 genes x .05 significance level = 500 false positives
Misleading report of prediction accuracy
— 12/28 reports based on incomplete cross-validation

Misleading use of cluster analysis

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

50% of studies contained one or more major flaws



Model Instability Does Not
Mean Prediction Inaccuracy

* Validation of a predictive model means that the
model predicts accurately for independent data

* Validation does not mean that the model is
stable or that using the same algorithm on
Independent data will give a similar model

* With p>n and many genes with correlated
expression, the classifier will not be stable.
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Concordance among Gene-Expression—
Based Predictors for Breast Cancer

Cheng Fan, M5, Daniel 5. Oh, Ph.D,, Lodewyk Wassels, Ph.D
Britta Wieigelt, Ph.D., Dimitry 5.4 Nuyten, 8.0 Andrew B, Nebel, Ph.D.
Lawra J. vam't Veer, Ph.l, and Charles M. Perou, Ph.D,

ABSTRACT

RACKGROUND
Gene-expression-profiling studies of primary breast tumors performed by differ-
ent libortories have resulted i the ientification of a number of distinct prognos-
tic profiles, or gene sets, with little overlap in terms of gene identity,

METHODE
To compare the predictions derved from these gene sets for individual samples, we
obrained a single dara set of 295 samples and applied five gene-expression—bazed
models: intrinsic subtypes, Ti-gene profile, wound response, recurrence seore, and
the two-gene ratio (for patients who hid been treated with tamaosifen),

REEULTS
We found thit most models had high mates of concordance in their outcome predic-
tions for the individual samples. In particular, almost all tumers identified as hav-
ing an intrinsic subtype of basal-like, HERZ-positive ind estrogen-receptor-nega-
tiver, or luminal B (associared with a poor prognosis) were also classified as having
i poor Tegene profile, activatred wound response, aod high recurrence score. The
F-penie and recurrence-score models, which are beginniog to be used in the dini-
cal setting, showed 77 to B1 percent agreement in outcome classificadon.

COMCLUSIONS
Even though different gene sets were used for prognostication in patients wich
breast cancer, foor of the five tested showed significant agreement in the outcome
predictions for individual patients and are probably rracking a common sét of bio-
logic phenotypes.

FOEMTL | MEEANEE  weW e M aRE AUEUET s, gl

Mm“wmw al HHE LIBRARIES. COMNSORTILM on Oolober 5, 2006 .
Massachusetls K

Copyrighl &

edical Sockely. Al tighls reserwed,



COMOORLDARNCE AMONDO GQENE-EXPREASIONM-BASED FRLEDICTORE FOR BLREAST CANCEL

[ ¥ Bk ared = 10 — Bazallibe anid
B b HERZ+ wndl ER- z HERZ» and ER=
z e Ll g o — Luminal &
': ik — Luminal B ;i b | — Luminal i
_é (T L e — Ml od — Homal bka
g s 21 peoint
0o ==, 00 ey
D SD L0 150 200 350 o s 100 150 200 250
Months Maonths
© Recurence Scors
_; 1.0+ == — High
inter=adoie Inbmrmediate
= n&- AT ]
55 nsd n -
%z o<
B ::' Pl 0]
0 &y 100 LEm 300 28D 0 100 150 200 350
Mantka Months
E 7oGane Frofile F P0-Gane Frofie
i — Gt — Gl
104 k- 1
— Poor — Pt
23 usd - al-;
‘B ni- ;i ID.E
E_E e
g 031 econm i “‘; pegonl
oL T T | 1 7 T 7
50 10k Li0 20 2o 0 S0 100 150 300 50
Maontks Months
G Wound Responss H waund Responss
i 1o — Artitad = 0 e Bz tiwiatnicd
; — sk ! il
£3 o= Huass & um i
' 0 }i o6
;!-E e I n‘%
% 031 peoon i e
a T 1 T ¥
0 s o Lo 0 B0 0 s L0 150 300 250
Montig Months
1 TwotGema Ratin ] TwoGees Batin
s — p—
B ith T roh Fah
— L —Lew
27 w & Q.M
": s gi 06
_.E - ]_ nlg
g B2 punse I 231 panaz
ag T T T T 7 a0 - v - - 5
D sD 100 150 200 350 o s 100 150 200 250
Months Months
MoEMal B FEE wWEw MW ORE  AUSUET b, aoah S67
Dawenloayded from waww.

Copyrighl 2

.otg-al HIHE LIBRARIES COMSORTILM on Oolober 5, 2006 .
Meddical Sociely. Al fghls ressrved,



e Odds ratios and hazards ratios are not
proper measures of prediction
accuracy

e Statistical significance of regression
coefficients are not proper measures of
predictive accuracy



Measures of Prognostic Value for
Survival Data with a Test Set

e A hazard ratio Is a measure of association

— Large values of HR may correspond to small improvement in
prediction accuracy
« Kaplan-Meler curves on the test set for predicted risk
groups within strata defined by standard prognostic
variables provide more information about
Improvement in prediction accuracy

 Time dependent ROC curves on the test set within

strata defined by standard prognostic factors can also
be useful
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Figure 4. The Sisaene Model and the Interrational Progrostic Index.

The Kaplir—Meier estimates show owerall survival for groups of patients with lowrisk (Panel &}, medium:rsk (Panel B), and highrisk {Parel C
scores an the bnternational Prognostic Index, as reported by Roserrwald ot 2l_® after subdivision into three groups (at low, medium, and high
risk for death) on the basis of the sigere model for prediction. According to log:lik=lihood estimates, P=0.01, P=0.002, and P={.16 for the
mode! based on a continuows vanable appfied to the low nisk, medmmensk, and high-nsk groups, respectvely, and P=0.02, P={.003, and
P=0.01, respectively, for the model based cn the three discrete groups shown in the figure.




Does an Expression Profile Classifier
Enable Improved Treatment Decisions
Compared to Practice Standards?

* Not an issue of which variables are significant
after adjusting for which others or which are
Independent predictors

* Requires focus on a defined medical indication
— Selection of cases
— Collection of covariate information
— Analysis



Is Accurate Prediction Possible For p>>n?

e Yes, In many cases, but standard
statistical methods for model building and
evaluation are often not effective

— Problem difficulty is often more important than
algorithm used for variable selection or model
used for classification

— Often many models will predict adequately
except complex models that over-fit the
training data



Standard regression methods are generally not
useful for p>n problems

— Standard methods may over-fit the data and lead to
poor predictions

« Estimating covariances, selecting interactions, transforming
variables for improving goodness of fit, minimizing squared
error often leads to over-fitting

» Fisher LDA vs Diagonal LDA

« With p>n, unless data is inconsistent, a linear model can
always be found that classifies the training data perfectly



e p>n prediction problems are not multiple
testing problems

* The objective of prediction problems Is
accurate prediction, not controlling the
false discovery rate

e Parameters that control feature selection
INn prediction problems are tuning

parameters to be optimized for prediction
accuracy



Developing Predictive Models With p>n

Gene selection is not a multiple testing
problem
— Predicting accurately

— Testing hypotheses about which genes are
correlated with outcome

— Biological understanding

— Are different problems which require different
methods and resources




Traditional Approach to Clinical
Development a New Drug

Small phase Il trials to find primary sites where
the drug appears active

Phase Il trials with broad eligibility to test the
null hypothesis that a regimen containing the
new drug is not better than the control treatment
overall for all randomized patients

If you reject H, then treat all future patients
satisfying the eligibility criteria with the new
regimen, otherwise treat no such future patients
with the new drug

Perform subset hypotheses but don'’t believe
them



Traditional Clinical Trial
Approaches

 Based on assumptions that

— Qualitative treatment by subset interactions
are unlikely

— “Costs” of over-treatment are less than “costs”
of under-treatment
* Neither of these assumptions is valid with
most new molecularly targeted oncology
drugs



Traditional Clinical Trial
Approaches

 Have protected us from false claims
resulting from post-hoc data dredging not
based on pre-defined biologically based
hypotheses

 Have led to widespread over-treatment of
patients with drugs to which many don’t
need and from which many don’t benefit

 May have resulted in some false negative
results



Clinical Trials Should Be Science
Based

« Cancers of a primary site may represent a
heterogeneous group of diverse molecular
diseases which vary fundamentally with regard
to
— their oncogenecis and pathogenesis
— their responsiveness to specific drugs

 The established molecular heterogeneity of
human cancer requires the use new approaches
to the development and evaluation of
therapeutics



How Can We Develop New Drugs

In a Manner More Consistent With

Modern Tumor Biology and Obtain

Reliable Information About What

Regimens Work for What Kinds of
Patients?



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



Prospective Drug Development With a
Companion Diagnostic

1. Develop a completely specified genomic
classifier of the patients likely to benefit from a
new drug
« Larger phase Il trials with evaluation of candidate

markers

2. Establish analytical validity 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 that preserves
the overall type-| error of the study.



Develop Predictor of Response to New Drug

Patient Predicted Responsive

Patient Predicted Non-Responsive

New Drug

N

Control

Off Study




Evaluating the Efficiency of Enrichment
Design

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

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

R Simon. Using genomics in clinical trial design, Clinical Cancer
Research 14:5984-93, 2008

Reprints at http://brb.nci.nih.gov



Developmental Strategy (ll)

Develop Predictor of
Response to New Rx

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

/\ —— —

New RX Control




Developmental Strategy (ll)

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

Having a prospective analysis plan is essential

“Stratifying” (balancing) the randomization is useful to
ensure that all randomized patients have tissue available
but is not a substitute for a prospective analysis plan

The purpose of the study is to evaluate the new
treatment overall and for the pre-defined subsets; not 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



R Simon. Using genomics in clinical trial design,
Clinical Cancer Research 14:5984-93, 2008

R Simon. Designs and adaptive analysis plans
for pivotal clinical trials of therapeutics and
companion diagnostics, Expert Opinion in
Medical Diagnostics 2:721-29, 2008



Web Based Software for Designing
RCT of Drug and Predictive
Biomarker

 http://brb.nci.nih.gov
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Biomarker Stratified Randomized Design

Stratified design randomizes both marker positive and negative patients.

See references 73-75 in Technical Reports Section

* Stratified Design with Prospective Analysis Plan and Binary Endpoint

e Stratified Design with Prospective Analysis Plan and Time- to- Event Endpoint

@ NIH, 2008
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Cancer Therapy: Clinical

ARTICLE | Adaptive Signature Design: An Adaptive Clinical Trial Design for
Generating and Prospectively Testing A Gene Expression
Signature for Sensitive Patients

Baorns Fredin and Richard Siman

Biomarker-Adaptive Threshold Design: A

Procedure for Evaluating Treatment With Possible

Biomarker-Defined Subset Effect

Wyl B ety AEhart Simei Abstract  Purposs: A new generafion of molsculary targetad agants s entering tha definitive stage of cin-
ical avalliation, Many of thase drugs banafit only a subset of treatad patiants and may be over-
looked by the traditional, bread-eligitdity approach to mndomized chnical frialks. Thus, thers is @
need for development of novel statistical methedology for rapd evaluation of thase agents,
Experimental Design: W proposs a new adaptive design for randomized clinical trials of tar
geted agents in settings when an agssy or signatune that enthios sendtive patients is nol vl
able a1 the outset of the study. The design combines prospesiive development of a gene
wxpression - based classifier to select sensitive patients with a propedy possered test for overall

Many i targeted agents entening the definitive stage of clinical devalopment bensfit
only & subset of teated patients. This may lead to missing effective agents by the traditional broad-
eligibility randomized trials due to the dilution of the overall treatment etfect. We propose & statistically
figofois biomatker-adaptive threshold phase | design tor settings in which & putative biomarkes 10 iden-
tify patients whe are sensitive to the new agent is measured on B continuous of graded scale.

Meihods The design combines & test for overall treatment effect in all randomly assigned patients with the estab-

lishment and valldation of & cut peint foer 8 prespecified binmarker of the sensitive subpopulation. The
pertarmmance of the iomarker-adaptive design, relative to a traditional design that ignofes the biamarker,
was Ina atticdy. The bics daptive desigh was also used to analyze data from
a prostate cancer frial.

wifect

Results: Performance of the adaptive design. relative e (he mons tradiional design, is svalusted
it & simulation sludy, 1 s shown that when the propaion of patienls Sensite 1o e new diug &
low, the adegative desgn substantially reduces the chance of lalsa rjection of ellactive new ireal-
mends, ¥hen the new ieatment is broadly effective, the adapiive design has power 1o detect the

Resulis I the s stuidy, the bi daptive design o the power 1o detect the overall effect m’m'—sl"‘"ﬂlﬂﬂl"‘ i ign. Formulas e bo o ine the siuations in
when the new traatment ia brosdly effsctive. When the propartion of senaltiva petients as identilld by which "'?""m“ad‘ﬁ:'l’ml ) Lo
the biamarker is low, the proposed design provided & substantial improvement In efficiency compared = De agane = dentify the subset of sensi-
with the traditional trinl design. F for sample size planning and implementation of the live patients ean bﬂ v into & ized phase [l design withoul com-
biomarker-adaptive design are provided. promisng the ability o detect an ovarall effect.
Concluslons A statistically valid tast for & biomarker-defined subsat stfect can be prospectively incorporatad (nto & fan-

domized phase lll design without com promiging the ability 1o detect an overall effect il the intervention is

benaficial in 8 brosd population.
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Deevelapments in wmor biology Iave resulted in shift toward
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heterogeneous with regand 0 molecular pathogenesis, genomic
signatures, and phenotypic properties. As 2 nesult, only a subset
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targeted agent (4), This complicates all stages of clinical
development, especially randomleed phase 10 wials (5, 6). In
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However, reliable sssays 1o select sensitve padents are often noc
available (8, ¥). Consequently, iraditional randomized clinical
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1o missing effective agents.

Authan’ Affilintion: Enmetric Ressrch Branch, Dividon al Concer Fratreent
aind Diigrosie. Netanal Cances lnatihite, Bathain, Mardond
Riscbosnt 310105 revcaid TBO5; ncreplid 64105
Trea it ! prabication a1 11 267 ok wiars ckilioysead 01 Bt Liy i pos/rosant of piga
ehargan. This artichs mest thena o b hardky nsarked adverimess in acrondanca
wth 18 LS. Seartiow 1734 sy 10 incheana this et
Requasts Tar reprints: Bak Freidlin Biosare Resaach Branch, Division of
Camear Tiaameant ond Disgrosis, National Cancar Instings, G130 Excutva
Eculavied, EFN 8122, MSC 7434, Batheada, MD 208927434, Prons. 307-402-
OBAD, Fas. 301-A02- 0560; E-swel. fraicinh e rag v aih iow.

o010 107 0432, OO 0% 06 0%

Clin Cancer Res 200511(21) Novembar 1, 20085 TET2

Genomic technologies, such a3 microarrays and single
nucleniide polymomhism genotyping. are powerful wols that
hold a great potential for identifying patients who are likely
1o benefit from 2 targeted agent (10, 11). However, due 1o the
large nuniber of genes available for analysis, interpretation of
these data is complicaied. S¢partion of rediable evidence from
the random panerns inherent in high-dimensional  daa
teguiires specialized saisical methodology that 18 prospectively
incorporated fn the wial design. Practcal lplementation of
sich designe has been lagging In panticulas, analysls of
imicroarray da from phase I randombzed sudles s usually
conslidered secondary 1o the primary overall comparibion of all
eligible patients, Many analyses are not explicidy writien into
protocols and doene rerospectively, mainly as “hypothesis-
enerating” toofs.

We propose 3 new adaptive design for randomized clinical
trials of molecularly targeted agents in settings where an assay
or signature that identifics sensitive patienis is not available.
Our approach inchudes. three components: (o) a statistically
valieh identification, based on the first siage of the irial, of ihe
subset of patients who are most likely 1o benefit from ihe
new agent; {B] a properly powered test of overall treatment
effect at the end of the wrial using all randomized patiens;
and {¢) a test of weatment effect for the subset identified in
the first stage. but using enly patiemts randomized in the
renmainder of the wial The components are prospectively
incarported into a single phase I ndomized cinical trial
with the overall false-positive eror rate comtrolled at a
prespecified level.
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Multiple Biomarker Design

A Generalization of the Biomarker Adaptive Threshold Design

Have identified K candidate binary classifiers B,
, ..., B thought to be predictive of patients likely
to benefit from T relative to C

RCT comparing new treatment T to control C
Eligibility not restricted by candidate classifiers
Let the B, classifier classify all patients positive



 Test T vs C restricted to patients positive for B,
for k=0,1,...,K

— Let S(B,) be a measure of treatment effect in patients
positive for B,

— Let S* = max{S(B,)} , k* = argmax{S(B,)}
— S* Is the largest treatment effect observed

— k* Is the marker that identifies the patients where the
largest treatment effect is observed



« For a global test of significance

— Randomly permute the treatment labels and repeat
the process of computing S* for the shuffled data

— Repeat this to generate the distribution of S* under
the null hypothesis that there is no treatment effect for
any subset of patients

— The statistical significance level is the area in the tall
of the null distribution beyond the value of S* obtained
for the un-suffled data

— If the data value of S* is significant at 0.05 level, then
claim effectiveness of T for patients positive for
marker k*



* Repeating the analysis for bootstrap
samples of cases provides

— an estimate of the stability of k* (the
indication)



Cross-Validated
Adaptive Signhature Design

(submitted for publication)

Wenyu Jiang, Boris Freidlin,
Richard Simon



Cross-Validated
Adaptive Signature Design
End of Trial Analysis

« Compare T to C for all patients at

significance leve

— If overall H, Is rej

OLoverall
ected, then claim

effectiveness of

— Otherwise

" for eligible patients



Otherwise

Partition the full data set into K parts

—orm a training set by omitting one of the K
parts. The omitted part is the test set

— Using the training set, develop a predictive classifier of
the subset of patients who benefit preferentially from
the new treatment T compared to control C using the
methods developed for the ASD

— Classify the patients in the test set as sensitive
(classifier +) or insensitive (classifier -)

Repeat this procedure K times, leaving out a

different part each time

— After this Is completed, all patients in the full dataset
are classified as sensitive or insensitive




Compare T to C for sensitive patients by
computing a test statistic S e.g. the difference in
response proportions or log-rank statistic (for
survival)

Generate the null distribution of S by permuting
the treatment labels and repeating the entire K-
fold cross-validation procedure

Perform test at significance level 0.05 - a4

If H, IS rejected, claim effectiveness of T for
subset defined by classifier

— The sensitive subset is determined by developing a
classifier using the full dataset



70% Response to T in Sensitive Patients

25% Response to T Otherwise
25% Response to C
20% Patients Sensitive

ASD CV-ASD
Overall 0.05 Test 0.486 0.503
Overall 0.04 Test 0.452 0471
Sensitive Subset 0.01 0.207 0.588
Test
Overall Power 0.525 0.731




Prediction Based Analysis of
Clinical Trials

e Using cross-validation we can evaluate
our methods for analysis of clinical trials,
Including complex subset analysis
algorithms, In terms of their effect on
Improving patient outcome via informing
therapeutic decision making



Conclusions

Personalized Oncology is Here Today and
Rapidly Advancing
— Key information is in tumor genome

— Read-out is about biology of the tumor, not
susceptibility for possible disease or adverse
effects



Conclusions

 Some of the conventional wisdom about
statistical analysis of clinical trials Is not
applicable to trials dealing with co-
development of drugs and diagnostics
— e.g. subset analysis If the overall results are

not significant or if an interaction test is not
significant



Conclusions

 Co-development of drugs and companion
diagnostics increases the complexity of
drug development

— It does not make drug development simpler,
cheaper and quicker

— But it may make development more
successful and it has great potential value for
patients and for the economics of health care



Conclusions

e Biotechnology Is forcing statisticians to
address problems of prediction

 Many existing statistical paradigms for
model development and validation are not
effective for p>n problems

 New approaches to the design and
analysis of RCTs that both test an overall
H, and inform treatment decisions for
Individual patients are needed



Acknowledgements

— NCI Biometric Research Branch
o Kevin Dobbin
e Boris Freidlin
o Sally Hunsberger
 Wenyu Jiang
 Aboubakar Maitournam
 Michael Radmacher
* Yingdong Zhao
— BRB-ArrayTools Development Team



	Statistical Challenges for Predictive Onclogy�
	Biometric Research Branch Website�brb.nci.nih.gov
	Prognostic & Predictive Biomarkers
	Prognostic & Predictive Biomarkers
	Prognostic & Predictive Biomarkers
	Clinical Utility
	Slide Number 7
	Slide Number 8
	Slide Number 9
	Biotechnology Has Forced Biostatistics to Focus on Prediction 
	Slide Number 11
	Slide Number 12
	Prediction on Simulated Null Data�Simon et al. J Nat Cancer Inst 95:14, 2003 
	Slide Number 14
	Slide Number 15
	Cross Validation
	Slide Number 17
	Permutation Distribution of Cross-validated Misclassification Rate of a Multivariate Classifier� Radmacher, McShane & Simon�J Comp Biol 9:505, 2002
	Slide Number 19
	Slide Number 20
	Major Flaws Found in 40 Studies Published in 2004
	Model Instability Does Not Mean Prediction Inaccuracy�
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Measures of Prognostic Value for Survival Data with a Test Set
	Slide Number 27
	Does an Expression Profile Classifier Enable Improved Treatment Decisions Compared to Practice Standards? 
	Is Accurate Prediction Possible For p>>n?�
	Slide Number 34
	Slide Number 35
	Developing Predictive Models With p>n 
	Traditional Approach to Clinical Development a New Drug
	Traditional Clinical Trial Approaches 
	Traditional Clinical Trial Approaches 
	Clinical Trials Should Be Science Based 
	How Can We Develop New Drugs in a Manner More Consistent With Modern Tumor Biology and Obtain�Reliable Information About What Regimens Work for What Kinds of Patients?
	Guiding Principle
	Prospective Drug Development With a Companion Diagnostic 
	Slide Number 44
	Evaluating the Efficiency of Enrichment Design
	Developmental Strategy (II)
	Developmental Strategy (II)
	Slide Number 48
	Web Based Software for Designing RCT of Drug and Predictive Biomarker
	Slide Number 50
	Slide Number 51
	Multiple Biomarker Design�A Generalization of the Biomarker Adaptive Threshold Design
	Slide Number 53
	Slide Number 54
	Slide Number 55
	Cross-Validated �Adaptive Signature Design�(submitted for publication)�
	Cross-Validated �Adaptive Signature Design�End of Trial Analysis
	Otherwise
	Slide Number 59
	70% Response to T in Sensitive Patients�25% Response to T Otherwise�25% Response to C�20% Patients Sensitive
	Prediction Based Analysis of Clinical Trials
	Conclusions
	Conclusions
	Conclusions
	Conclusions
	Acknowledgements

