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Targeted Therapies in Cancer

¥ Target malfunctioning molecules and pathways involved in
carcinogenesis and tumor growth
B Molecular and cellular changes that are specific to cancer
¥ Block the growth and spread of cancer by interfering with
specific molecules involved in carcinogenesis and tumor
growth (@nolecular targetsQ as against simply interfering
with dividing cells (traditional chemotherapy)
¥ Molecular targeted therapies
B Small molecules
B Monoclonal antibodies

¥ More effective and less harmful to normal cells?
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Challenges

¥ Mechanisms of action and toxicities differ from those of
traditional cytotoxic chemotherapy

P Associated with several adverse effects

¥ Acneiform rash, cardiac dysfunction, thrombosis, hypertension and
proteinuria

P Small molecule inhibitors

¥ Metabolized by cytochrome P450 enzymes
¥ Subject to multiple drug interactions

¥ New questions

P Tailoring of cancer treatment to an individual patient® tumor, the
mantra of @ersonalized medicineO

B Assessment of effectiveness and toxicity
B Economics of cancer care
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Response-Adaptive Randomization

¥ Use outcome data obtained during trial to adjust allocation of patient to
treatment
B Data-driven, i.e. dependent on outcome of previous patients
B Patient response known before next patient
¥ The goal: Allocate as few patients as possible to a seemingly inferior
treatment
Issues of statistical inference complicated
Much written about, yet not widely used
Very controversial
B Play-the-winner rule by Zelen (1969)

B ECMO trials: How to do statistical inference? Begg (1990)
¥ Bayesian: Thall and Whaten (2007)

K K K
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Bayesian Covariate-Adjusted Response-
Adaptive (BCARA) Design

¥ Evaluate targeted therapy using Bayesian approach

¥ ldentify subgroups of patients who would respond better to
targeted therapy based on biomarker profile: Covariate-
adjusted

¥ Optimize treatment allocation by randomizing more
patients to the superior treatment based on biomarker
profile: Response-adaptive
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Clinical Trial Setting

¥ Clinical outcome: Binary response

¥ Bilomarkers K
B Quantitative
B Correlated
B Predictive: Unknown a priori

Biomarker profile groups G initially unknown
Treatments
B Two or more (J) including targeted therapy

¥ Initially patients are randomized equally until when there is
sufficient information for statistical modeling

¥ Afterwards patient allocation is response-adaptive and
adjusted by biomarker profile

K K
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Bayesian Logistic Regression Model

;;61 patientr on treatment has a response

Vi ~$0 no response

X, =(X,,...X,,) denotes the biomarker profile of patie
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Gibbs Sampling
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Adaptive Determination of Biomarker
Profile Groups

¥ Objective: Identify subgroups of patients who would
respond better based on biomarker profile

¥ Partial least squares (PLS) regression for dimension
reduction based on latent variable approach (Nguyen and
Rocke, 2002)

¥ Different from principal component analysis

¥ PLS uses both covariates and outcome variable for scores
and loadings

¥ PLS logistic regression (Bastien et al., 2005) to classify
patients into biomarker profile groups adaptively
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PLS Logistic Regression
a(n'”) = i by = ich(Ki_;j’:nwl(i))

1. C ompute the regresson coefficierts a,, of the logistic regressan of

y' on w,... W, ... For the computation of the first PLS

componert, bl is setto zera

K+J"1

2. C ompute #, = (ahl""’ah,K+J"1)T/ $ a .
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3. C ompute the resdual matrix R, of thelinearregressin of W on

b{",..., b,
4. C ompute the component b\ = R\ # [# # .
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Defining the Biomarker Profile Groups

The 1* m PLS components, if they acount for a large proportion

of the total variation, say > 80%, can be used to define biomarker

profile groups after a run - in phase of first n" patients.

The number of biomarker groups G is determined during the run - in

phase.

If a large proportion of the total variation is explained by the 1"
PLS component b, the group is defined fort =1,...,i by
B if b’ >0, i.e., patient t has a "positive" biomarker profile

(i) — % :
R if b’ #0, i.e., patient t has a "negative" biomarker pofile
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Response-Adaptive Randomization

Compute

PV 1 XY = Pr(ﬂE(yi+L X0 ) SE(y,, , 1 X00.)1X0 0

J'=J

where B(y,,,; 1 X"";0,) =Pr(y,,,, =11X"";0).

The allocation proportion for patient i +1 to treatment j 1s given by

(i+Dy)¢
(pj(yiﬂ,j | X )) i+1
R, = where ¢ = N
E (p i Vi | X“”’)) ™
j'=1

29 April 2009 U Penn Clinical Trials Conference 13



Stopping Rule

Plo =Pr(] EC" yy IXV#)>EC v, IXV#)18"=..=8" =0
J'%j t=1 t=1
If mjax p(J'g) > &, the trial is stopped after patient i, and treatment

j  =arg max p(J'g) > $is selected for biomarker group g@.

If a pre - specified maximum sample size N__ 1s reached with pﬂg' ) &

forallg=1,...,Gand | =1,...,J, the trial is declared as inconclusive.
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¥
¥

Simulation Studies

Treatments A (targeted therapy), B and C (J=3)
Overall response probability
B 0.5,0.6, 0.7 for trt A
B 0.4 fortrt Band C
Five biomarkers (K=5) ~ MVN with mean 0, variance 1 and ! =0.5
Polyserial correlation between responses to trt and biomarkers
b p,=0.1, 0.5, 0.8 and pg= p-=0
Two biomarker groups (G=2)
500 simulations with N_...=200

B A run-in phase with n=24 (8 per arm), equally randomized among three
arms

B Subsequently, BCARA
Stopping rule: 6 = 0.99, 0.999
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Table 1: Operaing characeristicsBCARA desgn with a stgping boundary of 6= 0.99

Overall respmse Respmse probahili ty for _
probahility for | pal| Trt A by biomarker | Sanplesize| p,.2| N2 | Ps* | P°
Trt A a0 Q0
0.1 0.53 0.47 145 0.51| 39 | 0.25/0.51
0.50 0.5 0.66 0.34 93 0.45| 35 | 0.57/0.12
0.8 0.80 0.20 86 0.53| 30 | 0.82| 0.05
0.1 0.64 0.56 110 0.45| 43 | 0.29/ 0.29
0.60 0.5 0.76 0.44 92 0.46| 35 | 0.82| 0.06
0.8 0.88 0.32 83 0.48| 31 | 0.90| 0.03
0.1 0.73 0.67 86 0.46| 31 [ 0.39/0.20
0.70 0.5 0.85 0.55 73 0.49| 26 | 0.89|0.04
0.8 0.94 0.56 66 0.53| 25 10.94| 0.02
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Table 2: Operaiing characerisics BCARA desgn with a stgping boundary 6= 0.999

Overall respmse Respmse probahili ty for _
probahility for | pal| Trt A by biomarker | Sanplesize| p,.2| N2 | Ps* | P°
Trt A a0 Q0
0.1 0.53 0.47 190 0.45| 77 | 0.05/ 0.89
0.50 0.5 0.66 0.34 162 0.45| 61 | 0.52/0.48
0.8 0.80 0.20 105 0.46| 46 | 0.71] 0.17
0.1 0.64 0.56 163 0.48| 70 | 0.19|/ 0.58
0.60 0.5 0.76 0.44 125 0.46| 48 | 0.68|0.14
0.8 0.88 0.32 91 0.47| 36 | 0.84| 0.05
0.1 0.73 0.67 140 0.44| 61 | 0.24| 0.33
0.70 0.5 0.85 0.55 110 0.49| 37 | 0.70/ 0.16
0.8 0.94 0.56 84 0.48| 35 [0.87/0.01
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I Polyserial correlation between response and individual biomarkers for
treatment A

2 Proportion of patients with “+” biomarker profile randomized to treatment
A

3 Number of patients randomized to treatment A

4 Probability of declaring treatment in patients with “+” biomarker superior
to all other treatment/biomarker group combinations

7 Probability of inconclusive results
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Comparison: BCARA vs MTID-BRA

Three correlated (0=0.3) biomarkers, each measured on a
scale 0-3, say by IHC, with equal proportion for each
category

Two treatments: A (targeted therapy) vs B (control)

Overall response probability
b 0.6, 0.7, 0.8 for trt A
b 0.5fortrt B

Polyserial correlation between trt A and biomarkers
b p,=0.1,0.5,0.8

D p,= p;=0.1

N_ ..=200

max

Simulation size: 500 replications
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Simulation setting

¥ BCARA

B 1:1 randomization for the first 10 subjects in a run-in phase

B Biomarker group defined based on the sign of the first PLS
component

B Stopping criterion 6=0.99

¥ MTID-BRA

B Marker-by-treatment interaction design (MTID) (Sargent et al.,
2005) with a Bayesian response-adaptive (BRA) randomization
(Thall and Wathen, 2005)

b Biomarker defined as QositiveOif at least one of the three
biomarkers has a value of 2 or 3 and egativeQotherwise

b Beta (1,1) prior for the probability of response for both trt A and B
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Table 3: Comparison of operating characteristics between BCARA randomization design

with PLSR to determine biomarker groups and marker by treatment interaction design

using Bayesian response adaptive randomization (MTID-BRA)

Pa p1 | p2 | p3 | Design N | Pao | Proba: | Proba. | Probg: | Probg. | P;
0.1 0.1 |0.1 | BCARA 92 1 0.61| 0.49 0.26 0.02 0.09 | 0.14
MTID-BRA |79 | 0.69| 0.48 0.43 0.04 0.05 | 0.00

0.60 {0.5| 0.1 0.1 | BCARA 851 0.68 | 0.63 0.06 0.04 0.15 | 0.12
MTID-BRA |76 | 0.70 | 0.40 0.53 0.04 0.03 | 0.00

0.8 0.1 | 0.1 | BCARA 46 | 0.71 | 0.77 0.04 0.00 0.18 | 0.01
MTID-BRA |73 | 0.68| 045 0.47 0.04 0.04 | 0.00

0.1 0.1 | 0.1 | BCARA 74 | 0.70 | 0.36 0.46 0.01 0.01 |0.16
MTID-BRA |81 | 0.69| 045 0.51 0.02 0.02 | 0.00

0.70 [ 0.5| 0.1 | 0.1 | BCARA 61| 0.70| 0.81 0.11 0.00 0.04 | 0.04
MTID-BRA |76 | 0.73 | 0.50 0.42 0.02 0.06 | 0.00

0.8 0.1 | 0.1 | BCARA 3710.70 | 0.80 0.07 0.00 0.12 | 0.01
MTID-BRA |71 | 0.69| 0.45 0.47 0.04 0.04 | 0.00

0.1 0.1 | 0.1 | BCARA 67 | 0.70 | 0.53 0.45 0.01 0.01 | 0.00
MTID-BRA |80 |0.70 | 0.47 0.49 0.01 0.03 | 0.00

0.80 [0.5| 0.1 |0.1 | BCARA 43 | 0.69 | 0.69 0.28 0.00 0.02 | 0.01
MTID-BRA | 72| 0.67 | 0.57 0.35 0.04 0.04 | 0.00

0.8 0.1 | 0.1 | BCARA 30| 0.68 | 0.90 0.07 0.00 0.03 | 0.00
MTID-BRA |80 | 0.69 | 0.38 0.55 0.01 0.06 | 0.00
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PA:

P£1, P2, Pa:
N:

PA:
Prob,.:
Prob, :
Probg,:
Proby,
PI:
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Overall response probability for treatment A

Polyserial correlation between response and biomarkers 1,2, and 3 for treatment A
Mean total sample size

Proportion of patients randomized to treatment A

Probability of declaring treatment A in biomarker “+” group as superior
Probability of declaring treatment A in biomarker “—” group as superior
Probability of declaring treatment A in biomarker “+” group as superior
Probability of declaring treatment A in biomarker “—” group as superior
Probability of inconclusive result

U Penn Clinical Trials Conference

22



Simulation Results

Similar operating characteristics between the MTID-BRA
and BCARA if the biomarkers are non-predictive and if the
effect size is small

If at least the predictive power of one biomarker is larger
than the other biomarkers, there is substantial reduction In
sample size requirement for the BCARA when compared to
the MTID-BRA

The probability of declaring the targeted therapy as
superior in the biomarker positive group is larger

The BCARA effectively identifies patients who benefit most
from a targeted therapy
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Concluding Remarks

¥ Issues in design of clinical trials with targeted therapy
somewhat similar to issues with surrogate endpoints
B Vexing and difficult
B Validation not trivial
B Prentice criteria (1989) almost impossible to satisfy

¥ Bayesian adaptation appears to hold promise
B Bayesian covariate-adjusted response-adaptive design
B Additional work needed: Time to event outcome
¥ Remaining challenges
B Prime time for definitive confirmatory clinical trials?
b Statistical inference
B ECMO controversy
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