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Outline 

•  Targeted therapies 
–  What are they and what do they target? 
–  Designs: Past 

•  Evaluating treatment-diagnosis combinations 
–  Bayesian logistic regression model for predicting outcome 
–  Response-adaptive randomization 
–  Covariate-adjusted biomarker profile group determination 

•  Using partial least squares logistic regression (PLSLR) 

•  Simulation studies 

•  Commentary on adaptive designs 

•  Concluding remarks 
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Targeted Cancer Therapies 

•  Block the growth and spread of cancer by interfering with 
specific molecules involved in carcinogenesis and tumor 
growth (“molecular targets”) as against simply interfering 
with dividing cells (traditional chemotherapies) 

•  Molecular targeted therapies 
–  Small molecules 
–  Monoclonal antibodies 

•  Traditional chemotherapies 
–  Anthracyclines 
–  Taxanes 
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Molecular Targeted Therapies (MTT) 

•  Substances that kill cancer cells by targeting key molecules 
involved in cancer cell growth --- NCI 

•  Block the growth and spread of cancer 

•  Target malfunctioning molecules and pathways involved in 
carcinogenesis and tumor growth 

–  By focusing on molecular and cellular changes that are specific to 
cancer 

•  Promise 

–  May be more effective than current treatments 
–  Less harmful to normal cells 
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Molecular Targets 

•  Mutant kinases 

–  Abl, Kit, PDFGR, EGFR, RAF, VEGFR, FLT3, mTOR 

•  Extending to pathways 

–  Hedgehog (Hh) pathway 
–  Cyclin-dependent kinases 
–  PI(3)K/Akt/mTOR pathway 

•  Cancer stem cells 
•  Delayed toxicity of concern 
•  Microenvironment 

–  Antiangiogenic agents 
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Small Molecules 

•  Block specific enzymes and growth factor receptors 
involved in cancer cell growth 

•  Signal-transduction inhibitors 

•  Gleevec® (STI–571 or imatinib mesylate) 

–  Target: abnormal proteins or enzymes 

•  Iressa® (ZD1839 or gefitinib) 

–  Target: epidermal growth factor receptor (EGFR) 
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Apoptosis-Inducing 
•  Cause cancer cells to undergo apoptosis (programmed cell 

death) by interfering with proteins involved in the process 
•  Velcade® (bortezomib)  

–  Cause cancer cells to die by blocking enzymes called proteasomes, 
which help to regulate cell function and growth 

•  Genasense™ (oblimersen) 
–  Block the production of a protein BCL–2, which promotes the 

survival of tumor cells 
–  Leave the cancer cells more vulnerable to anticancer drugs 
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Other 

•  Interfere with the growth of cancer cells 
–  Monoclonal antibody 
–  Cancer vaccines 
–  Angiogenesis inhibitors 
–  Gene therapy 
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Impact 

•  Tailor cancer treatment 

•  Personalized based on the unique set of molecular 
targets produced by the patient’s tumor 

•  Pharmacogenetics/genomics (PGx) 
•  Promise of being more selective 

–  Harm fewer normal cells 
–  Reduce side effects 
–  Improve the quality of life 

9 



18 August 2011 INIMS 

Realities 
•  Small molecule inhibitors and monoclonal antibodies 

•  Significantly changed the treatment of cancer over the past 
10+ years 

•  Form a component of therapy for many common 
malignancies 
–  Breast, colorectal, lung and pancreatic cancer 
–  Lymphoma, leukemia and multiple myeloma 

•  How to combine with traditional chemotherapy? 
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Challenges 

•  Mechanisms of action and toxicities differ from those of 
traditional cytotoxic chemotherapy 
–  Associated with several adverse effects 

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

–  Small molecule inhibitors 
•  Metabolized by cytochrome P450 enzymes 
•  Subject to multiple drug interactions 

•  Raise new questions 
–  The tailoring of cancer treatment to an individual patient’s tumor, 

the mantra of “personalized medicine” 
–  The assessment of effectiveness and toxicity 
–  The economics of cancer care 
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Premise 

•  Biomarkers are a critical component of a targeted therapy 
as they can be used to identify patients who are most likely 
to benefit from a treatment 

•  At the design stage of early clinical trial phases, the 
treatment effect sizes for the general patient population 
and the subpopulation with biomarker positivity are typically 
unknown 

•  In traditional clinical trials, treatment effects for various 
biomarkers are evaluated in an exploratory fashion in 
subgroup analyses, lacking of power! 

•  New statistical designs integrate these biomarkers into 
statistical decision process instead 
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Untargeted vs Targeted Designs 

•  Untargeted design (traditional) 

•  Targeted design: Only those patients who are predicted to 
respond (e.g., biomarker + patients) are randomized 
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Untargeted Design 

•  No biomarker information available 
•  Dilution of effects 
•  Failure of gefitinib (Iressa®) in INTACT1 and 

INTACT2 may be attributable to a mix of EGFR 
mutation status 
–  10% sensitive 
–  90% insensitive 
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Targeted Designs 

•  Screening required 
•  Reliable assay 
•  Prevalence of biomarker positivity or “sensitive” tumor 
•  Unrecognized molecular heterogeneity 

–  Betensky et al. (JCO 2002) 
•  Dancey and Freidlin (2003 Lancet) 
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Efficient Targeted Designs 

•  Assumption: Targeted therapy works only in a 
subset with sensitive tumors 

•  Enrichment of study population is a key 

•  If there is a good predictive biomarker for sensitive 
tumors 
–  Screen all eligible subjects 
–  Enroll only those with sensitive tumors 

•  In the absence of a good predictive biomarker 
–  Randomized discontinuation design 
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Randomized Discontinuation Design 
Rosner et al. (2002) 

•  “Successfully” used in screening several MTT 
•  Sorafenib in renal cell carcinoma (RCC) in phase II 
•  carboxy-aminoimidazole (CAI) in RCC in CALGB 69901 
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Efficiency of Targeted Designs 
•  Simon and Maitournam (2004) and Maitournam and Simon 

(2005) compared the targeted vs untargeted design in 
terms of the number of patients required to achieve a fixed 
statistical power for detecting treatment effects 

•  The degree of reduction in sample size depends on the 
availability of the biomarker for identifying patients who will 
likely benefit from the new treatment and the prevalence of 
such patients 

•  The targeted design often requires fewer randomized 
patients than the untargeted design 

•  If, however, the sensitivity and specificity of the biomarkers 
is low, e.g., less than 60%, the targeted design may require 
more patients to be screened than the untargeted design 
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Marker-based Strategy Designs 
Sargent et al. (2005) 
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Marker-by-treatment Interaction Designs 
Sargent et al. (2005) 
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Adaptive Signature Designs 
Freidlin and Simon (2005)  

•  An efficient design to identify effective Tx using biomarkers 
as predictive markers 
–  Tx is effective only in a subset of subjects (sensitive group) 
–  Tx is broadly effective 

•  Two-stage design 
–  Stage 1: Develop classifier based on biomarkers 

•  Identify a subgroup characterizing “sensitive” tumors 
–  Stage 2: Hypothesis testings 

•  Perform α1 level test in all subjects  
•  Perform α2 level test in stage 2 subjects 
•  E.g., α1 = 0.04 and α2 = 0.01 for overall α ≤ 0.05  
•  If any one of the above two tests is significant, conclude that Tx is 

working 
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Response-Adaptive Randomization 
•  Use outcome data obtained during trial to influence 

allocation of patient to treatment 
–  Data-driven, i.e. dependent on outcome of previous patients 
–  Assumes patient response known before next patient 

•  The goal is to allocate as few patients as possible to a 
seemingly inferior treatment 

•  Issues of proper analyses quite complicated 
•  Not widely used though much written about 
•  Very controversial 

–  Play-the-winner rule by Zelen (1969) 
–  ECMO trials: How to do statistical inference 
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Bayesian Covariate-Adjusted 
Response-Adaptive (BCARA) Design 

•  Evaluate targeted therapy using Bayesian approach 

•  Optimize treatment allocation by randomizing more 
patients to the superior treatment based on  biomarker 
profile: Response-adaptive 

•  Identify subgroups of patients who would respond better to 
targeted therapy based on biomarker profile: Covariate-
adjusted using partial least squares logistic regression 
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Clinical Trial Setting 
•  Clinical outcome: Binary response 
•  Biomarkers K  

–  Quantitative 
–  Correlated 
–  Predictive: Unknown a priori 

•  Biomarker profile groups G initially unknown 
•  Treatments 

–  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 

€ 

ytj =
1 patient t on treatment j has a response
0 no response                                               
⎧ 
⎨ 
⎩ 

Xt = (X1t ,...,XKt )
T  denotes the biomarker profile of patient t

Pr(ytj =1 | Xt ) =ψ θ j
TXt( ) =

exp θ j
TXt( )

1+ exp θ j
TXt( )

ytj =
1 if ztj > 0 
0 if ztj ≤ 0
⎧ 
⎨ 
⎩ 

where 

ztj = θ j
TXt + εt

εt ~ N 0,λt( )
λt = (2ω t )

2

ω t ~ KS

⎧ 

⎨ 
⎪ 
⎪ 

⎩ 

⎪ 
⎪ 
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Gibbs Sampling 

€ 

θ j
(i) | Z j

(i),Λ( i),y j
(i) ~ N(B j

(i),V j
( i))

where B j
(i) = (Σ j

−1 + X ( i)T diag (Λ( i))( ) −1
X ( i))(Σ j

−1 µ j + X (i)T diag (Λ)( ) −1Z j
(i))

and V j
( i) = Σ j

−1 + X ( i)T diag (Λ( i))( )
−1
X ( i)

ztj |θ j ,Xt ,ytj ,λt ~
N(θ j

TXt ,λt ) I(ztj > 0) if ytj =1
N(θ j

TXt ,λt ) I(ztj ≤ 0) if ytj = 0

⎧ 
⎨ 
⎩ 

ztj |θ j ,Xt ,ytj =
ψ(θ j

TXt ) I(ztj > 0) if ytj =1 
ψ(θ j

TXt ) I(ztj ≤ 0) if ytj = 0

⎧ 
⎨ 
⎩ 
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Response-Adaptive Randomization 

  

€ 

Compute

p j (yi+1, j | X ( i+1)) = Pr E(yi+1, j | X ( i+1);θ j ) > E(yi+1, j ' | X (i+1)

j '≠ j
I ;θ j ' ) | X ( i),y j

(i)
⎞ 

⎠ 
⎟ 

⎛ 

⎝ 
⎜ ⎜ 

where E(yi+1, j | X ( i+1);θ j ) = Pr(yi+1, j =1 | X (i+1);θ j ).

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

Ri+1, j =
p j (yi+1, j | X ( i+1)))c(
p j ' (yi+1, j ' | X (i+1)))c(

j '=1

J

∑
 where  c =

i +1
2Nmax

.
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Covariate-Adjusted Determination of 
Predictive 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 

€ 

g(η(i)) = bh
( i) = ch βhl

* wl
(i)

l=1

K +J−1

∑
⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ 

h=1

m

∑
h=1

m

∑

1. C ompute the regression coefficients 

€ 

ahl  of the logistic regression of 

€ 

y j
(i) on 

€ 

w1
(i),...,wK +J−1

( i) .  For the computation of the first PLS 

component, 

€ 

b1
(i) is set to zero. 

2. C ompute 

€ 

ξh = (ah1,...,ah,K +J−1)
T / ahl

2

l=1

K +J−1

∑ . 

3. C ompute the residual matrix 

€ 

Rh−1
(i)  of the linear regression of 

€ 

W (i)on 

€ 

b1
(i),...,bh−1

(i) . 

4. C ompute the component 

€ 

bh
(i) = Rh−1

(i) ξh /ξh
Tξh . 
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Defining the Biomarker Profile Groups 

€ 

The 1st  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 1st

PLS component b1
(i),  the group is defined for t =1,...,i by

δt
(i) =

1 if b1t
( i) > 0, i.e.,  patient t has a "positive" biomarker profile

0 if b1t
(i) ≤ 0, i.e.,  patient t has a "negative" biomarker pofile

⎧ 
⎨ 
⎩ 
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Stopping Rule 

  

€ 

p jg
(i) = Pr( E( ytj

t=1

i

∑ | X (i);θ j ) > E( ytj '
t=1

i

∑ | X (i);θ j ' ) |δ1
(i) = ...= δi

(i) = g)
j '≠ j
I

If max
j
p jg

( i) > δ,  the trial is stopped after patient i,  and treatment

j* = argmax
j
p jg

(i) > δ is selected for biomarker group g.

If a pre - specified maximum sample size Nmax  is reached with p jg
(Nmax ) ≤ δ

for all g =1,...,G and j =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 

–  0.5, 0.6, 0.7 for trt A 
–  0.4 for trt B and C 

•  Five biomarkers (K=5) ~ MVN with mean 0, variance 1 and ρ=0.5 
•  Polyserial correlation between responses to trt and biomarkers 

–  ρA=0.1, 0.5, 0.8 and ρB= ρC=0 
•  Two biomarker groups (G=2) 
•  500 simulations with Nmax=200 

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

–  Subsequently, BCARA 
•  Stopping rule: δ = 0.99, 0.999 
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Simulation Results 

•  More subjects from the biomarker positive group 
randomized to the targeted treatment 

•  With the increasing response rate of the targeted 
treatment, decrease in the probability of an inconclusive 
trial 

•  With increase in the stopping criterion, increase in the 
sample size and the probability of an inconclusive trial 

•  With stronger association between biomarkers and 
response to the targeted treatment 
–  Decrease in the sample size and the probability of an inconclusive 

trial 
–  Increase in the probability of declaring the targeted treatment in 

subjects with positive biomarker profile superior 
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Comparison: 
BCARA-PLSLR vs MTID-BRA 

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

•  Biomarker groups G=2 
•  Two (J=2) treatments: A (targeted therapy) vs B (control) 
•  Overall response probability 

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

•  Polyserial correlation between trt A and biomarkers 
–  ρ1=0.1, 0.5, 0.8 and ρ2= ρ3=0.1 

•  Polyserial correlation 0 between trt B and biomarkers 
•  Nmax=200 
•  Simulation size: 500 replications 
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Simulation setting 

•  BCARA-PLSLR 
–  1:1 randomization for the first 10 subjects in a run-in phase 
–  Biomarker group defined based on the sign of the first PLS 

component 
–  Stopping criterion δ=0.99 

•  MTID-BRA 
–  Marker-by-treatment interaction design (MTID) (Sargent et al., 

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

–  Biomarker defined as “positive” if at least one of the three 
biomarkers has a value of 2 or 3 and “negative” otherwise 

–  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-PLSLR 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-PLSLR when 
compared to the MTID-BRA 

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

•  The BCARA-PLSLR effectively identifies patients who 
benefit most from a targeted therapy 
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Regulatory Definition: Adaptive Designs 

•  EMA: Flexible Design and Analysis --- 23 March 2006 
–  "A study design is called adaptive if statistical methodology allows 

the modification of a design element (e.g. sample-size, 
randomisation ratio, number of treatment arms) at an interim 
analysis with full control of the type I error.” 

•  FDA: Adaptive Design Clinical Trials --- February 2010 
–  "For the purposes of this guidance, an adaptive design clinical 

study is defined as a study that includes a prospectively planned 
opportunity for modification of one or more specified aspects of the 
study design and hypotheses based on analysis of data (usually 
interim data) from subjects in the study." 
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FDA Critical Path Opportunities 

•  Adaptive trial design 
–  When can extra trial arms be dropped? 
–  When can an early marker be used to choose which 

treatment to carry forward or to choose a subset for 
analysis? 

–  When is it valid to modify randomization based on 
results, for example, in a combined phase 2/3 cancer 
trial? 

–  When is it valid and under what situations can one stage 
or phase of a study be combined with the second stage 
or phase? 
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Armitage (1985): 
The Search of Optimality in Clinical Trials 

In discussing adaptive randomization and decision-theoretic approach in 
clinical trials: 
“At first sight, this seems an entirely respectable form of activity, just the 
sort of contribution that statistics should be making to the design, 
execution and analysis of clinical trials. 
Yet most of the theoretical work done in this tradition, over the last 20 
years or so, has found no application whatsoever in the actual conduct of 
trials. 
This lack of contact between theory and practice seems to me quite 
deplorable. 
Either the theoreticians have got hold of the wrong problem, or the 
practising triallists have shown a culpable lack of awareness of relevant 
theoretical developments, or both. 
In any case, the situation does not reflect particularly well on the statistical 
community.” 
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Response-Adaptive Randomization 

•  Use of outcome data obtained during trial to influence 
allocation of patient to treatment 
–  Data-driven, i.e. dependent on outcome of previous patients 

•  Assumes patient response known before next patient 
•  The goal: to allocate as few patients as possible to 

seemingly inferior treatment 
•  Issues of analysis/inference quite complicated 
•  Not used much at all though much written about 
•  Controversial 
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Extracorporeal Membrane 
Oxygenation (ECMO) Trials 

•  Randomized play-the-winner rule 
•  Maximize the number of patients on better treatment 
•  Controversy 

–  p = 0.001, 0.038, 0.050, 0.051, 0.083, 0.280, 0.620 
–  Admission of our discipline’s failure 
–  Statistics as a scientific inference may have become irrelevant in 

ECMO trials 

•  In discussing Begg (1990) 
–  “Thus we should not be surprised to find situations like the present 

one where our best efforts to produce and rationalize a satisfactory 
p-value have failed” --- Royall (1990) 

–  “The biaed coin rule [sic] does not provide desirable approach to 
the allocation of patients to treatments in medical trials.” --- Fleming 
(1990) 
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Concluding Remarks 
•  Issues in design of clinical trials with targeted therapy 

somewhat similar to those with surrogate endpoints 
–  Vexing and difficult 
–  Validation not trivial 

•  Adaptive design in drug/diagnostic combination trials 
–  Early development/discovery phase 
–  Bayesian approach seems only natural and promising 

•  Remaining challenges 
–  Statistical inference: ECMO controversy 
–  Prime time for definitive confirmatory clinical trials 
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