
Valida&on	  of	  Predic&ve	  Classifiers	  
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Predic&ve	  Biomarker	  Classifiers	  

•  In	  most	  posi&ve	  clinical	  trials,	  only	  a	  small	  propor&on	  of	  
the	  eligible	  popula&on	  benefits	  from	  the	  new	  rx	  

•  Many	  chronic	  diseases	  are	  biologically	  heterogeneous	  
and	  molecularly	  targeted	  treatments	  are	  likely	  to	  benefit	  
only	  a	  subset	  

•  Tradi&onal	  subset	  analysis	  is	  error	  prone	  and	  a	  beCer	  
paradigm	  is	  needed	  
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An	  alterna&ve	  Paradigm	  

•  Test	  the	  strong	  null	  hypothesis	  that	  the	  new	  
treatment	  E	  is	  uniformly	  ineffec&ve	  rela&ve	  to	  control	  
C	  in	  a	  manner	  that	  preserves	  the	  type	  I	  error	  of	  the	  
trial	  

•  If	  the	  strong	  null	  is	  rejected,	  develop	  an	  internally	  
validated	  labeling	  indica&on	  classifier	  for	  informing	  
physicians	  in	  their	  decisions	  about	  which	  pa&ents	  
they	  treat	  with	  E	  
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Developing	  &	  Valida&ng	  Predic&ve	  Classifiers	  
-‐	  Treatment	  vs	  Control	  

•  Not	  tes&ng	  treatment	  effect	  in	  mul&ple	  subsets	  
defined	  by	  single	  covariates	  

•  Not	  tes&ng	  sta&s&cal	  significance	  of	  treatment	  by	  
covariate	  interac&on	  effects	  in	  a	  regression	  model	  
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•  Development	  and	  internal	  valida&on	  of	  predic&ve	  
classifiers	  can	  also	  be	  conducted	  retrospec&vely	  on	  
phase	  III	  trials	  to	  iden&fy	  treatment	  hypotheses	  to	  
be	  prospec&vely	  tested	  
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Predic&ve	  Classifier	  Paradigm	  

•  Suppose	  we	  have	  analyzed	  a	  training	  set	  T	  of	  
data	  from	  an	  RCT	  and	  developed	  a	  predic&ve	  
classifier	  C(x;T)	  -‐>{0,1}	  that	  indicates	  
whether	  a	  pa&ent	  with	  covariate	  vector	  x	  
should	  be	  treated	  with	  C	  (0)	  or	  E	  (1)	  	  

•  There	  are	  many	  ways	  of	  developing	  C	  	  
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log it(pE ) = log pE
1− pE

= αE + βE
' x

log it(pC ) = log pC
1− pC

= αC + βC
' x

Prefer E if pE ≥ pC + ε
         i.e.  αE + βE

' x ≥ αC + βC
' x + ε



Prefer E if p̂E ≥ p̂C + ε

         i.e.  α̂E + β̂E
' x ≥ α̂C + β̂C

' x + ε



λ(t, z, x) = λ0 (t) exp αz + zβE
' x + (1− z)βC

' x{ }
where z is (0,1) treatment indicator.

λ(t, z = 1, x) = λ0 (t) exp α + zβE
' x{ }

λ(t, z = 0, x) = λ0 (t) exp βC
' x{ }

log λ(t, z = 1, x)
λ(t, z = 0, x)

= α + βE
' x − βC

' x

Fit penalized PH model

Assign E if α̂ + β̂E
' x − β̂C

' x ≤ ε.



•  If we had an independent RCT, we could compare 
E vs C in	


•   the subset S+ of patients for which C(x;T)=1	


•   the subset S- of patients for which C(x;T)=0 	


•  We expect a greater treatment effect in the former 
subset of patients predicted to be “sensitive” to E. 	


• We could do significance tests of treatment 
effect in each of the two subsets, and we could 
estimate the size of the treatment effects. 	




• Using cross-validation or bootstrap re-
sampling we can approximate	


	
The treatment effect in the intend-to-use 
population S+	


• We can also test the null hypothesis that no 
subset of the ITT population has a positive 
treatment effect	














•  The size of the E vs C treatment effect in the 
subset S estimates the treatment effect in the 
subset defined by applying the algorithm to the 
full dataset	




f (x, z) =  expected outcome for a patient with covariate vector x receiving rx z
C(;D) =  predictive classifier trained on full dataset D
S+ (D) = x :C(x,D) = 1{ }
Δ S+ (D)( ) = f (x,1) − f (x,0)[ ]dF x | x ∈S+ (D)( )

x∈S+ (D )
∫

Cross-validation estimates ET Δ S+ (T )( )⎡⎣ ⎤⎦









Overall analysis. Log-rank statistic is 2.9 with p=0.09	




Cross-validated survival curves for patients predicted to benefit from new 
treatment. Log-rank = 10.0, p=0.002	




Cross-validated survival curves for cases predicted not to benefit from the new 
treatment. Log-rank = 0.54	




Performance Indices of Predictive 
Classifiers with Survival Data	


•  RCT of E vs C	


•  Survival endpoint	


•  Predictive binary classifier M 	


• M=1 indicates patient should benefit from E	


• M=0 indicates patient should not	




• Given two patients i and j with same x vector, 
one receives E (zi=1) and the other receives C 
(zj=0).	


•  sensitivity = Pr[M=1 | Si > Sj]	


•  specificity = Pr[M=0 | Si < Sj]	


•  ppv = Pr[Si > Sj | M=1]	


•  npv = Pr[Si < Sj | M=0] 	




•  If the survival distributions have proportional 
hazards with δ+ denoting the hazard ratio of C 
versus T (>1), estimated from the cross-
validated set S+ then	


ppv = δ+

1+ δ+

npv = 1
1+ δ+

sensitivity = 1+ 1− npv
ppv

Pr(M = 0)
Pr(M = 1)

⎧
⎨
⎩

⎫
⎬
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−1

specificity = 1+ 1− ppv
npv

Pr(M = 1)
Pr(M = 0)
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⎨
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Example���
Amgen pannitumumab trial	


•  Treatment effect for patients with wild-type 
KRAS was 2.22 favoring panitumumab	


•  Treatment effect for patients with mutated 
KRAS was 1.01	


•  Prevalence of wild type KRAS (M=1) was 0.62	


•  ppv=0.69, npv=0.50	


•  Sensitivity = 0.62, specificity = 0.50	



