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Targeted Therapies in Cancer

¥ Target malfunctioning molecules and pathways involved in
carcinogenesis and tumor growth
Ð 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 (Òmolecular targetsÓ) as against simply interfering
with dividing cells (traditional chemotherapy)

¥ Molecular targeted therapies
Ð Small molecules

Ð 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
Ð Associated with several adverse effects

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

Ð Small molecule inhibitors
¥ Metabolized by cytochrome P450 enzymes
¥ Subject to multiple drug interactions

¥ New questions
Ð Tailoring of cancer treatment to an individual patientÕs tumor, the

mantra of Òpersonalized medicineÓ
Ð Assessment of effectiveness and toxicity

Ð Economics of cancer care
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Response-Adaptive Randomization

¥ Use outcome data obtained during trial to adjust allocation of patient to
treatment
Ð Data-driven, i.e. dependent on outcome of previous patients
Ð 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

Ð Play-the-winner rule by Zelen (1969)
Ð ECMO trials: How to do statistical inference? Begg (1990)

¥ Bayesian: Thall and Whaten (2007)
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Bayesian Covariate-Adjusted Response-
Adaptive (BCARA) Design

¥ Evaluate targeted therapy using Bayesian approach
¥ Identify 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
¥ Biomarkers K

Ð Quantitative
Ð Correlated
Ð Predictive: Unknown a priori

¥ Biomarker profile groups G initially unknown
¥ Treatments

Ð 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
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Bayesian Logistic Regression Model
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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
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Defining the Biomarker Profile Groups
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Response-Adaptive Randomization
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Stopping Rule
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Simulation Studies

¥ Treatments A (targeted therapy), B and C (J=3)

¥ Overall response probability
Ð 0.5, 0.6, 0.7 for trt A
Ð 0.4 for trt B and C

¥ Five biomarkers (K=5) ~ MVN with mean 0, variance 1 and ! =0.5

¥ Polyserial correlation between responses to trt and biomarkers
Ð ρA=0.1, 0.5, 0.8 and ρB= ρC=0

¥ Two biomarker groups (G=2)

¥ 500 simulations with Nmax=200
Ð A run-in phase with n=24 (8 per arm), equally randomized among three

arms

Ð Subsequently, BCARA

¥ Stopping rule: δ = 0.99, 0.999
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Table 1: Operating characteristics BCARA design with a stopping boundary of  = 0.99 
 

Response probabili ty for 
Trt A by biomarker 

Overall response 
probabili ty for 

Trt A 
A

1 

 Ò+Ó  Ò-Ó 
Sample size PA+

2 NA
3 PS

4 PI
5 

0.1 0.53 0.47 145 0.51 39 0.25 0.51 

0.5 0.66 0.34 93 0.45 35 0.57 0.12 0.50 

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 

0.5 0.76 0.44 92 0.46 35 0.82 0.06 0.60 

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 

0.5 0.85 0.55 73 0.49 26 0.89 0.04 0.70 

0.8 0.94 0.56 66 0.53 25 0.94 0.02 
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Table 2: Operating characteristics BCARA design with a stopping boundary  = 0.999 
 

Response probabili ty for 
Trt A by biomarker 

Overall response 
probabili ty for 

Trt A 
A

1 

 Ò+Ó  Ò-Ó 
Sample size PA+

2 NA
3 PS

4 PI
5 

0.1 0.53 0.47 190 0.45 77 0.05 0.89 

0.5 0.66 0.34 162 0.45 61 0.52 0.48 0.50 

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 

0.5 0.76 0.44 125 0.46 48 0.68 0.14 0.60 

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 

0.5 0.85 0.55 110 0.49 37 0.70 0.16 0.70 

0.8 0.94 0.56 84 0.48 35 0.87 0.01 
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Comparison: BCARA vs MTID-BRA

¥ Three correlated (ρ=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

Ð 0.6, 0.7, 0.8 for trt A
Ð 0.5 for trt B

¥ Polyserial correlation between trt A and biomarkers
Ð ρ1=0.1, 0.5, 0.8
Ð ρ2= ρ3=0.1

¥ Nmax=200
¥ Simulation size: 500 replications
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Simulation setting

¥ BCARA
Ð 1:1 randomization for the first 10 subjects in a run-in phase

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

Ð Stopping criterion δ=0.99

¥ MTID-BRA
Ð Marker-by-treatment interaction design (MTID) (Sargent et al.,

2005) with a Bayesian response-adaptive (BRA) randomization
(Thall and Wathen, 2005)

Ð Biomarker defined as ÒpositiveÓ if at least one of the three
biomarkers has a value of 2 or 3 and ÒnegativeÓ otherwise

Ð Beta (1,1) prior for the probability of response for both trt A and B
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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
Ð Vexing and difficult
Ð Validation not trivial
Ð Prentice criteria (1989) almost impossible to satisfy

¥ Bayesian adaptation appears to hold promise
Ð Bayesian covariate-adjusted response-adaptive design
Ð Additional work needed: Time to event outcome

¥ Remaining challenges
Ð Prime time for definitive confirmatory clinical trials?
Ð Statistical inference
Ð ECMO controversy
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