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Outline	
  Talk	
  2	
  

1.  Introduc*on:	
  Concepts	
  and	
  defini*ons	
  of	
  sieve	
  effects	
  /	
  sieve	
  analysis	
  
–  Vaccine	
  efficacy	
  versus	
  par*cular	
  pathogen	
  strains	
  
–  Sieve	
  effects	
  and	
  other	
  effects	
  
–  Some	
  immunological	
  considera*ons	
  
–  Some	
  sieve	
  analysis	
  results	
  from	
  HIV-­‐1	
  vaccine	
  efficacy	
  trials	
  

2.  Some	
  sta*s*cal	
  approaches	
  to	
  sieve	
  analysis	
  
–  Binary	
  endpoint	
  (Infected	
  yes/no)	
  

•  Discrete	
  pathogen	
  types:	
  Categorical	
  data	
  analysis	
  
•  Con*nuous	
  types:	
  Distance-­‐to-­‐insert	
  comparisons	
  

3.  Assump*ons	
  required	
  for	
  interpreta*on	
  as	
  per-­‐exposure	
  vaccine	
  efficacy	
  

2!



RV144	
  Correlates	
  Result	
  
•  Vaccine	
  recipients	
  with	
  higher	
  gp70-­‐V1V2	
  
responses	
  tended	
  to	
  have	
  lower	
  rates	
  of	
  
infec*on.	
  

gp70-V1V2 response!

In
fe

ct
io

n 
ra

te
!

Should we make our 
vaccines better at eliciting 

V1V2 responses?!

Would that lead to 
lower infection rates 

among vaccine 
recipients?!
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Correla*on	
  ≠	
  Causa*on	
  

•  Loca*ons	
  with	
  higher	
  sales	
  of	
  ice	
  cream	
  tend	
  
to	
  have	
  higher	
  rates	
  of	
  drowning.	
  

Ice cream sales!

D
ro

w
ni

ng
 ra

te
!

Should we ban ice cream?!
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Cumula*ve	
  Infec*on	
  Rates	
  
With	
  V1V2-­‐gp70	
  Scaffold	
  Assay	
  

High	
  V1V2	
  	
  

Low/
Medium	
  
V1V2	
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Should we make our vaccines better at eliciting 
V1V2 responses?!



Randomized	
  Controlled	
  Trials	
  (RCTs)	
  

•  In	
  an	
  RCT,	
  treatments	
  (vaccine	
  or	
  placebo)	
  are	
  
randomly	
  assigned.	
  

•  If	
  you	
  compare	
  across	
  treatment	
  groups,	
  the	
  only	
  
explana*on	
  for	
  a	
  difference	
  is	
  the	
  vaccine.	
  

gp70-V1V2 response!

In
fe

ct
io

n 
ra

te
!

Should we make our 
vaccines better at eliciting 

V1V2 responses?!
How can we know if 

the correlation is 
just a coincidence?!
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Towards	
  a	
  CoP	
  and/or	
  
	
  a	
  Mechanis*c	
  CoP	
  

•  The	
  correlates	
  so	
  far	
  are	
  not	
  CoPs.	
  
– The	
  comparison	
  is	
  among	
  vaccine	
  recipients,	
  not	
  
across	
  randomized	
  treatment	
  arms.	
  

•  Could	
  we	
  randomly	
  assign	
  an*-­‐V1V2	
  an*bodies?	
  
– Maybe.	
  	
  There’s	
  other	
  sta*s*cal	
  ways,	
  too.	
  
– We’ll	
  need	
  to	
  wait	
  un*l	
  future	
  RCTs.	
  

•  Idea:	
  use	
  RV144	
  placebo	
  vs.	
  vaccine	
  recipients	
  
–  to	
  address	
  hypotheses	
  implied	
  by	
  a	
  causal	
  correlate.

	
  Like:	
  “An*-­‐V1V2	
  an*bodies	
  in	
  vaccine	
  recipients	
  	
  	
  	
  	
  
	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (par*ally)	
  protected	
  them.”	
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Sieve	
  Analysis	
  

•  Vaccina*on	
  should	
  induce	
  an	
  immune	
  response	
  
	
  	
  	
  	
  	
  that	
  targets	
  circula*ng	
  HIV	
  
	
  	
  	
  	
  	
  	
  	
  (at	
  least	
  the	
  HIV	
  that’s	
  similar	
  to	
  the	
  vaccine	
  HIV)	
  

•  Idea:	
  inves*gate	
  the	
  sequence	
  data	
  
•  If	
  we	
  see	
  evidence	
  for	
  a	
  difference	
  in	
  the	
  sequences	
  
of	
  viruses	
  infec*ng	
  vaccinees	
  versus	
  placebo	
  
recipients,	
  
–  it	
  must	
  be	
  due	
  to	
  the	
  vaccine.	
  

•  	
  (It’s	
  a	
  randomized	
  trial!)	
  

•  If	
  we	
  see	
  a	
  difference	
  in	
  the	
  sequences	
  of	
  V1V2,	
  	
  
–  then	
  it	
  supports	
  the	
  hypothesis	
  of	
  an*-­‐V1V2	
  an*bodies	
  
selec*vely	
  filtering	
  HIV.	
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…	
  but	
  a	
  useful	
  one	
  …	
  

Sequence	
  data	
  is	
  an	
  abstrac*on	
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Three	
  kinds	
  of	
  biosequences	
  
•  DNA:	
  sequences	
  of	
  4	
  nucleic	
  acids:	
  ACGT	
  
•  RNA:	
  sequences	
  of	
  4	
  nucleic	
  acids:	
  ACGU	
  
•  Protein:	
  sequences	
  of	
  20	
  amino	
  acids	
  

transcription!

translation!
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The	
  human	
  genome	
  

•  DNA:	
  23	
  chromosomes,	
  ~3	
  
billion	
  pairs	
  of	
  nucleic	
  acids	
  

•  RNA:	
  ~135,000	
  unique	
  
transcripts	
  

•  Protein:	
  ~25,000	
  different	
  
protein	
  products	
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HIV:	
  a	
  selfish	
  genome	
  

12!



•  Two	
  major	
  components:	
  B	
  cells	
  and	
  T	
  cells	
  

•  Cells	
  constantly	
  report	
  status:	
  T	
  cells	
  monitor.	
  

–  Fragments	
  of	
  protein	
  sequences	
  are	
  brought	
  to	
  cell	
  surface	
  

–  Cells	
  are	
  destroyed	
  when	
  they	
  report	
  "bad"	
  fragments	
  

–  T	
  cells	
  adapt	
  to	
  learn	
  what	
  "bad"	
  looks	
  like	
  

•  B	
  cells	
  create	
  an*bodies,	
  

–  which	
  recognize	
  proteins	
  &	
  flag	
  them	
  for	
  destruc*on.	
  

–  B	
  cells	
  also	
  adapt	
  to	
  recognize	
  "bad"	
  proteins.	
  

•  Vaccines	
  can	
  train	
  an	
  immune	
  system	
  to	
  recognize	
  HIV	
  earlier	
  

– and	
  more	
  effec*vely.	
  

Biosequences	
  and	
  
adap*ve	
  immunity	
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HIV	
  Vaccines	
  

•  Contain	
  fragments	
  of	
  the	
  HIV	
  genome	
  

– Either	
  proteins	
  or	
  DNA	
  that	
  will	
  be	
  expressed	
  as	
  proteins	
  

•  Recipients	
  produce	
  HIV-­‐targe*ng	
  T&B	
  cells	
  
– No	
  need	
  to	
  wait:	
  destroy	
  HIV	
  before	
  it	
  destroys	
  the	
  immune	
  system	
  

– Like	
  when	
  you	
  become	
  immune	
  to	
  a	
  flu	
  amer	
  infec*on	
  or	
  vax.	
  

•  What	
  sequence(s)	
  to	
  include	
  in	
  the	
  vaccine?	
  

– Want	
  to	
  create	
  immune	
  responses	
  that	
  protect	
  people	
  

14!



	
  Varia*on	
  
	
  in	
  the	
  HIV	
  genome	
  

•  The	
  HIV	
  genome	
  is	
  highly	
  variable	
  

– due	
  in	
  part	
  to	
  a	
  sloppy	
  reverse-­‐transcriptase.	
  

•  HIV	
  evolves	
  rapidly	
  to	
  evade	
  immune	
  systems	
  

– Varia*on	
  and	
  selec*on:	
  Darwin's	
  essen*als	
  for	
  evolu*on	
  

•  Some	
  adapta*ons	
  hinder	
  HIV	
  

•  Ideal	
  vaccine:	
  immune	
  system	
  targets	
  Achilles'	
  heel	
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Back	
  to	
  Sieve	
  Analysis	
  

•  Vaccina*on	
  should	
  induce	
  an	
  immune	
  response	
  
	
  	
  	
  	
  	
  that	
  targets	
  circula*ng	
  HIV	
  
	
  	
  	
  	
  	
  	
  	
  (at	
  least	
  the	
  HIV	
  that’s	
  similar	
  to	
  the	
  vaccine	
  HIV)	
  

•  Idea:	
  inves*gate	
  the	
  sequence	
  data	
  
•  If	
  we	
  see	
  evidence	
  for	
  a	
  difference	
  in	
  the	
  sequences	
  
of	
  viruses	
  infec*ng	
  vaccinees	
  versus	
  placebo	
  
recipients,	
  
–  it	
  must	
  be	
  due	
  to	
  the	
  vaccine.	
  

•  	
  (It’s	
  a	
  randomized	
  trial!)	
  

•  If	
  we	
  see	
  a	
  difference	
  in	
  the	
  sequences	
  of	
  V1V2,	
  	
  
–  then	
  it	
  supports	
  the	
  hypothesis	
  of	
  an*-­‐V1V2	
  an*bodies	
  
selec*vely	
  filtering	
  HIV.	
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The	
  sieve	
  effect	
  

Click here to view SieveAnimation.swf!
17!



Looking	
  for	
  sequence	
  differences	
  

…	
  a	
  needle	
  in	
  a	
  haystack	
  …	
  
18!
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We begin with Sanger 
sequences,!

usually multiple per 
subject.!

We align and 
translate the DNA 
sequences to AAs.!

Some analysis methods!
use all of the subjects’ 

sequences. !

Others use one per 
subject:!

a representative 
sequence.!

20!
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Two	
  Types	
  of	
  Poten*al	
  Selec*ve	
  Effects	
  

1.  Acquisition Sieve Effect!
The vaccine selectively blocks (or enhances) 

acquisition with specific HIV variants!
!

2.  Post-Infection Selective Effect !
The vaccine drives HIV sequence evolution!

!
!
•  Longitudinal HIV sequences (and some acute-phase 

sequences) are needed to distinguish these two types of 
effects!

•  But at the moment we only have one time-point per subject!



Poten*al	
  selec*ve	
  effects	
  of	
  vaccines	
  

X	
   Vaccine	
  
blocks	
  

infec.on!

X	
  
Vaccine	
  
blocks	
  
specific	
  
variants	
  

CTL-­‐driven	
  
evolu.on	
  

‘vaccine-like’ variants!
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Challenged	
  Sta*s*cal	
  Power	
  
•  Achieving	
  high	
  sta*s*cal	
  power	
  requires:	
  

–  Large	
  n	
  of	
  infected	
  subjects	
  with	
  sequence	
  data	
  
–  A	
  vaccine	
  that	
  induces	
  immune	
  responses	
  that	
  ‘react	
  strongly’	
  with	
  

the	
  infec*ng	
  viruses.	
  

•  For	
  most	
  HIV	
  trials,	
  the	
  sieve	
  analyses	
  have	
  low	
  power	
  
–  rv144:	
  n	
  =	
  121	
  

•  But	
  for	
  analysis,	
  only	
  	
  n	
  =	
  110	
  
–  (44	
  vaccine	
  recipients,	
  66	
  placebo)	
  

–  Phambili:	
  n	
  =	
  82	
  
•  But	
  for	
  analysis,	
  only	
  	
  n	
  =	
  43	
  

–  (23	
  vaccine	
  recipients,	
  20	
  placebo)	
  
–  STEP:	
  n	
  =	
  66	
  
–  VaxGen:	
  n	
  =	
  336	
  
	
  

•  Can	
  only	
  detect	
  rela*vely	
  large	
  sieve	
  effects	
  



Maximizing	
  power	
  
•  Compare	
  sequences	
  to	
  the	
  vaccine	
  insert	
  
•  Pre-­‐filter	
  based	
  on	
  treatment-­‐blinded	
  data	
  

– Fewer	
  analyses	
  	
  	
  	
  	
  	
  	
  	
  greater	
  power	
  
•  Focus	
  analysis	
  on	
  relevant	
  subsequences	
  

– Epitopes	
  
•  CTL	
  epitopes	
  by	
  HLA	
  type	
  
•  An*body	
  binding	
  hotspots	
  

– Escape	
  routes	
  
•  Consider	
  changes	
  to	
  binding	
  energy	
  

•  Plan	
  ahead	
  
24!



25!

•  Only	
  include	
  sites	
  contained	
  in	
  every	
  one	
  of	
  these	
  
sets:	
  
–  The	
  85	
  sites	
  in	
  the	
  V1V2	
  region	
  
–  Sites	
  with	
  sufficient	
  variability	
  
–  Sites	
  for	
  which	
  we	
  have	
  confidence	
  in	
  the	
  alignment	
  
–  Sites	
  in	
  an*body-­‐relevant	
  sites	
  

•  (we	
  asked	
  our	
  expert	
  colleagues	
  for	
  sites)	
  
•  All	
  of	
  this	
  screening	
  is	
  done	
  before	
  unblinding	
  

Screening	
  to	
  Maximize	
  
Sta*s*cal	
  Power	
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Methods	
  for	
  RV144	
  Sieve	
  Analysis	
  
•  Assess	
  each	
  HIV-­‐1	
  gene	
  separately	
  
•  Assess	
  each	
  vaccine	
  insert	
  separately	
  
	
  
•  Assess	
  either	
  1	
  sequence	
  per	
  subject	
  (majority	
  
consensus)	
  or	
  use	
  all	
  individual	
  sequences	
  

•  Compare	
  a	
  subject’s	
  sequences	
  to	
  the	
  insert	
  
sequence	
  in	
  2	
  ways:	
  
–  Local:	
  	
  	
  Evaluate	
  each	
  site	
  and	
  sets	
  of	
  sites	
  separately	
  
(eg.	
  ‘site	
  scanning’,	
  ‘an*gen	
  scanning’)	
  

– Global:	
  Summarize	
  overall	
  ‘similarity’	
  or	
  ‘distance’	
  with	
  
a	
  single	
  number	
  	
  



V2 
crown!

Image from!
 Bill Schief!

α4β7 binding motif 

V2 Loop 
 Crown 

Flanks 

181 

169 

Summary	
  of	
  RV144	
  V1V2	
  Results	
  
•  V1V2	
  focused	
  analysis.	
  
•  Analyzed	
  only	
  9	
  sites!	
  
•  Used	
  mul*plicity	
  correc*on	
  to	
  protect	
  

against	
  false	
  discoveries.	
  

27!

•  2 sites with evidence 
of a sieve effect:!

•  Sites 169, 181!
!

HIV Envelope 
Protein!

HIV Viral 
Envelope!



Vaccine	
  Efficacy	
  by	
  HIV-­‐1	
  Genotype	
  
(Defined	
  by	
  Site	
  169,	
  181)	
  

•  VE	
  greater	
  against	
  169-­‐matched	
  than	
  mismatched	
  HIV-­‐1:	
  p	
  =	
  0.034**	
  
•  VE	
  greater	
  against	
  181-­‐mismatched	
  than	
  matched	
  HIV-­‐1:	
  p	
  =	
  0.024	
  	
  	
  

** Estimated with a Cox model (Lunn and McNeil, Biometrics, 1995)!

HIV-1 Genotype 
Number 

Infections 
Estimated 

VE* 95% CI P-value 
169 match 87  48% 18% to 66% 0.0036 

169 mismatch 23  -55% -258% to 33%  0.30 

181 match 88  17% -26% to 45%  0.38 

181 mismatch 22  78% 35% to 93% 0.0028 

* Estimated with a Cox model (Prentice et al., Biometrics, 1978)!
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Gilbert, Wu, Jobes:!
p =.018, q =.077!

Model-Based Sieve:!
P(sieve|data) = .334, p =.050, q = .202!

Key:!
Each subject is represented by a bar!

Bars all have equal height.  Insert AA residue, in black, is shown above the midline!
Within a bar, colors depict the fraction of the subject’s sequences with that AA residue!

Placebo! Vaccine!

Position 169 

Met (MN) not observed!
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Key:!
Each subject is represented by a bar!

Bars all have equal height.  Insert AA residue, in black, is shown above the midline!
Within a bar, colors depict the fraction of the subject’s sequences with that AA residue!

Gilbert, Wu, Jobes:!
p=.019, q =.077!

Placebo! Vaccine!

Position 181 

30!

Model-Based Sieve:!
P(sieve|data) = .002, p =.021, q = .065!



Outline	
  Talk	
  2	
  

1.  Introduc*on:	
  Concepts	
  and	
  defini*ons	
  of	
  sieve	
  effects	
  /	
  sieve	
  analysis	
  
–  Vaccine	
  efficacy	
  versus	
  par*cular	
  pathogen	
  strains	
  
–  Sieve	
  effects	
  and	
  other	
  effects	
  
–  Some	
  immunological	
  considera*ons	
  
–  Some	
  sieve	
  analysis	
  results	
  from	
  HIV-­‐1	
  vaccine	
  efficacy	
  trials	
  

2.   Some	
  sta.s.cal	
  approaches	
  to	
  sieve	
  analysis	
  
–  Binary	
  endpoint	
  (Infected	
  yes/no)	
  

•  Discrete	
  pathogen	
  types:	
  Categorical	
  data	
  analysis	
  
•  Con*nuous	
  types:	
  Distance-­‐to-­‐insert	
  comparisons	
  

3.  Assump*ons	
  required	
  for	
  interpreta*on	
  as	
  per-­‐exposure	
  vaccine	
  efficacy	
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Overview	
  of	
  sta.s.cal	
  approaches	
  to	
  sieve	
  analysis	
  

32!

•  Binary	
  endpoint	
  (Infected	
  yes/no)	
  
– Discrete	
  pathogen	
  types:	
  Categorical	
  data	
  analysis	
  
– Con*nuous	
  types:	
  Distance-­‐to-­‐insert	
  comparisons	
  

•  Time-­‐to-­‐event	
  endpoint	
  (Survival	
  analysis)	
  
– Discrete	
  types:	
  Compe*ng	
  risks	
  
– Con*nuous	
  types:	
  Mark-­‐specific	
  vaccine	
  efficacy	
  



Categorical	
  Sieve	
  Analysis	
  

Fisher �
p = 0.3575 � K� Q� R � N� E � M � T�

Placebo � 48 � 11 � 3 � 0 � 2 � 1 � 1 �

Vaccine� 28 � 10 � 1 � 3 � 1 � 1 � 0 �
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2003	
  Global	
  Map	
  of	
  HIV-­‐1	
  Subtypes	
  

34!

A	
  vaccine	
  might	
  have	
  different	
  efficacy	
  against	
  different	
  clades	
  (subtypes)	
  of	
  HIV-­‐1	
  



Evolutionary relationships among nonrecombinant HIV-1 strains.  

Buonaguro L et al. J. Virol. 2007;81:10209-10219 

A	
  vaccine	
  might	
  
have	
  different	
  
efficacy	
  against	
  
different	
  clades	
  

(subtypes)	
  of	
  HIV-­‐1	
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Categories	
  of	
  pathogen	
  types	
  

36!

•  Human	
  trials	
  of	
  preventa*ve	
  vaccines	
  against	
  
heterogenous	
  pathogens	
  
Pathogen	
   Cita.on	
  

Hepa**s	
   Szmuness	
  et	
  al.	
  1981	
  

Cholera	
   Clemens	
  et	
  al.	
  1991	
  
van	
  Loon	
  et	
  al.	
  1993	
  

Rotavirus	
   Lanata	
  et	
  al.	
  1989	
  
Ward	
  et	
  al.	
  1992	
  
Ukae	
  et	
  al.	
  1994	
  
Jin	
  et	
  al.	
  1996	
  
Rennels	
  et	
  al.	
  1996	
  

Pneumococcus	
   Amman	
  et	
  al.	
  1977	
  
Smit	
  et	
  al.	
  1977	
  
John	
  et	
  al.	
  1984	
  

Influenza	
   Govaert	
  1994	
  

Malaria	
   Alonso	
  et	
  al.	
  1994	
  

Some	
  of	
  these	
  data	
  
are	
  summarized	
  in	
  

Gilbert	
  et	
  al.	
  
(2001,	
  J	
  Clin	
  Epidem)	
  



Vaccine	
  efficacy	
  vs	
  pathogen	
  type	
  

37!

•  Human	
  trials	
  of	
  preventa*ve	
  vaccines	
  against	
  
heterogenous	
  pathogens	
  
– Omen	
  there	
  is	
  no	
  quan*ta*ve	
  sta*s*cal	
  assessment	
  
of	
  differen*al	
  VE	
  across	
  pathogen	
  types	
  

– When	
  there	
  is,	
  the	
  interpreta*on	
  and	
  validity	
  is	
  omen	
  
unclear	
  

•  Type-­‐specific	
  VE	
  assessment	
  
– Can	
  improve	
  power	
  to	
  detect	
  VE	
  
–  Is	
  omen	
  of	
  interest	
  

•  Mul*valent	
  vaccines:	
  VE	
  for	
  each	
  type	
  
•  Par*ally	
  protec*ve	
  vaccines:	
  understanding	
  and	
  improving	
  



Data	
  setup	
  

38!

•  Randomized	
  vaccine	
  trial	
  
•  K	
  categories	
  of	
  infec*ng	
  pathogens	
  

–  (dis*nct	
  strains,	
  serotypes,	
  amino	
  acids,	
  etc.)	
  
– Labeled	
  1	
  ..	
  K	
  
– wlog,	
  let	
  category	
  1	
  be	
  the	
  “vaccine	
  prototype	
  strain”	
  

•  eg	
  the	
  “insert”	
  strain	
  contained	
  in	
  the	
  vaccine	
  

•  Nominal	
  categorical:	
  unordered	
  strains	
  
•  Ordered	
  categorical:	
  eg	
  ordered	
  by	
  distance	
  to	
  1	
  
•  (We’ll	
  later	
  consider	
  con*nuous	
  distances)	
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  classifica.on	
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•  Problem:	
  sparsity	
  of	
  the	
  2xK	
  table	
  
–  in	
  HIV,	
  no	
  clear	
  serotypes	
  

•  Star-­‐like	
  phylogeny	
  within	
  each	
  clade	
  
•  Each	
  virus	
  is	
  unique	
  (if	
  you	
  examine	
  closely)	
  

–  In	
  general,	
  for	
  interpreta*on,	
  want	
  meaningful	
  categories	
  
•  Solu*on:	
  add	
  structure	
  to	
  the	
  table	
  

–  Categorize	
  infec*ng	
  strains	
  into	
  nominal	
  groups	
  
•  Puta*vely	
  related	
  to	
  strain-­‐specific	
  VE	
  
•  eg:	
  subtype/clade	
  
•  eg:	
  phenotype	
  (in	
  HIV,	
  tropism:	
  X4	
  vs	
  R5)	
  

–  (or)	
  Order	
  infec*ng	
  strains	
  
•  by	
  puta*ve	
  correlate	
  of	
  strain-­‐specifc	
  VE	
  
•  eg:	
  order	
  by	
  measure	
  of	
  similarity	
  to	
  vaccine	
  insert	
  strain	
  

–  Subs*tu*on	
  matrix	
  for	
  nucleo*de	
  or	
  amino	
  acid	
  sequence	
  

– Also	
  possible:	
  mul*dimensional	
  features	
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•  Data:	
  a	
  2xK	
  table	
  of	
  counts	
  

	
  
•  Some	
  analysis	
  approaches	
  

– Fisher’s	
  exact	
  test	
  (or	
  Fisher-­‐Freeman-­‐Halton	
  for	
  >	
  2x2)	
  
– Bayesian	
  /	
  Mul*nomial	
  modeling	
  
– Recode	
  as	
  con*nuous	
  values,	
  use	
  eg	
  t-­‐test	
  
– Mul*nomial	
  logis*c	
  regression	
  

1 � 2 � 3 � 4 � 5 � … � K�

Placebo � … �

Vaccine� … �



Mul.nomial	
  Logis.c	
  Regression	
  
(Cox,	
  1970;	
  Anderson,	
  1972)	
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•  	
  	
  
•  	
  	
  
•  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  indicates	
  vaccine	
  recipients	
  

•  A	
  generalized	
  linear	
  logit	
  model	
  
	
  
•  Interpreta*on	
  of	
  the	
  regression	
  coefficients	
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•  Minimal	
  assump*ons	
  
•  Es*ma*on	
  by	
  maximum	
  likelihood	
  
•  Exact	
  methods	
  an	
  op*on	
  

– Hirji, K. F. (1992). Computing exact distributions for 
polytomous response data. Journal of the American 
Statistical Association 87, 487-492.	



•  Easily extended to ordered categories	


– Anderson’s (1984) ordered stereotype model	


– Same model, but use               and set 	


– For monotonicity, constrain the order, eg	
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•  Cumula*ve	
  strain	
  categories	
  model	
  
– McCullagh	
  1980	
  

–  Interpreta*on	
  of	
  the	
  regression	
  coefficients	
  

•  Scored	
  ordinal	
  models	
  
– Replace	
  	
  	
  	
  	
  	
  with	
  	
  
– Scored	
  models	
  have	
  increased	
  precision	
  

•  But	
  stronger	
  modeling	
  assump*ons	
  

Pr(Y > s|v)
Pr(Y  s|v) = exp{a

s

+b
s

v}

s 2 1, . . . ,K �1

exp{b
s

}= Pr(Y > s|vacc)/Pr(Y > s|plac)
Pr(Y  s|vacc)/hboxPr(Y  s|plac)

= OR(> s)

MLR [3, 1] Exact inference for MLR [4] Ordered stereotype model [2] Cumulative logit model [5]
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• Cumulative logit model
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• Scored ordinal models

bs
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• Nonparametric tests of differential VE

OR(s) = 1

• Parametric tests of differential VE

bs = 0
b = 0
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•  Null	
  hypothesis:	
  all	
  	
  
•  Nominal	
  categorical:	
  

– Likelihood	
  ra*o	
  chi-­‐squared	
  test	
  (Armitage	
  1971)	
  

•  Ordinal	
  categorical:	
  
– Test	
  for	
  trend	
  in	
  strain-­‐specific	
  odds	
  ra*os	
  
– Breslow	
  and	
  Day	
  (1980)	
  

•  Mul*ple	
  vaccine	
  dose	
  groups:	
  
– Kruskal-­‐Wallis	
  test	
  
– Linear-­‐by-­‐linear	
  associa*on	
  test	
  (Agres*,	
  1990,	
  p.	
  284)	
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•  MLR	
  or	
  cumula*ve	
  categories	
  
– Null	
  hypothesis:	
  all	
  	
  
– Likelihood	
  ra*o	
  chi-­‐squared	
  test	
  
– Zelen’s	
  test	
  (1991)	
  
– Note:	
  could	
  also	
  test	
  null	
  that	
  a	
  subset	
  of	
  the	
  

•  Categorical	
  scored	
  models	
  
– Null	
  hypothesis:	
  	
  	
  

•  Con*nuous	
  Model	
  
– Null	
  hypothesis:	
  
– Likelihood	
  ra*o,	
  Wald,	
  and	
  score	
  test	
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•  Hepa**s	
  B	
  vaccine	
  trial	
  in	
  New	
  York	
  
– Szmuness	
  et	
  al.,	
  1981	
  

•  MLR	
  test	
  of	
  differen*al	
  VE	
  
– Sieve	
  LRT:	
  
– Zelen’s:	
  

•  MLR	
  parameter	
  es*mates	
  

Hep�
B�

Hep�
A�

Hep 
other �

Placebo � 63 � 27� 11 �

Vaccine� 7 � 21� 16 �

c2
2 = 28.3, p < 10�6

c2
2 = 26.1, p < 10�5

exp(b̂2) =
RR(hep A)

RR(hep B)
= 7.0
(2.7,18.4)

exp(b̂3) =
RR(hep other)

RR(hep B)
= 13.1
(14.3,39.3)

• Bibliography

Categorical models and inference methods

MLR [6, 2]
Exact inference for MLR [7]
Ordered stereotype model [3]
Cumulative logit model [8]
Likelihood ratio chi-squared test [4]
Test for trend in odds ratios [5]
Linear-by-linear association test [1] (pg. 284)
MLR asymptotic chi-squared test [10]
Data Examples

Hepatitis B example [9]
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vaccine protects uniformly. The Breslow-Day statistic equals 2.49, with asymptotic p-value 0.11. 
The Kruskal-Wallis statistic is 2.30, with exact p-value 0.17. The null hypothesis is not rejected, 
perhaps due to low power, as there are only five breakthroughs. Next, the MLR, cumulative logit, 
adjacent categories linear logit, and proportional odds models are fit. The estimated parameters, 
standard errors, strain-specific odds ratios, 95% confidence intervals about the strain-specific odds 
ratios, and p-values are displayed in Table 2. 

Using the approximations OR(1) RR(1)/RR(0) and OR(2) RR(2)/RR(0), the MLR model 
estimates that vaccine protection is (43 x 1)/(20 x 2) = 1.07 times better against challenge by 
prototype strains than against challenge by strains with one substitution or deletion in the tip 
sequence and (43 x 2)/(4 x 2) = 10.75 times better against prototype strains than against strains 
with two or more alterations. 

The cumulative logit model tells a similar story, estimating exp{f1 } = RR(> 0)/RR(< 0) = 2.69 
and exp{fi} = RR(> 1)/RR(< 1) = 10.50. Both models suggest significant and substantial 
differential protection against strains with at least two alterations in the tip sequence but no 
difference in protection against strains with only one alteration. The adjacent categories linear 
logit model fits the data poorly, as there is not a linear trend in estimated strain-specific log odds 
ratio. The proportional odds model also fits poorly, as seen by the fact that OR(> 0) = 2.69 and 
OR(> 1) = 10.50 are very different. Notice its precision gain, however the standard error estimate 
of d is about half that for the nonscored cumulative logit model. 

For a sieve analysis of all nine immunized infections, there are three ordered vaccine groups, 
control, partially vaccinated, and fully vaccinated. The standardized linear-by-linear association 

Table 2 
Fit of sieve models to breakthroughs in Genentech vaccine trial 

Model Category 3 SE(3) exp{} = OR 95% CIa OR p-value 

MLR 1 0.72 1.25 1.07 (0.09, 12.56) 0.95 
2 2.38 1.13 10.75 (1.18, 98.16) 0.035 

Cumulative logit >0 0.99 0.95 2.69 (0.42, 17.22) 0.30 
>1 2.35 1.05 10.50 (1.35, 81.96) 0.025 

Adjacent categories 1 1.12 0.63 3.06 (0.90, 10.43) 0.074 
linear logit 2 2.24 1.26 9.35 (0.80, 108.69) 0.074 

Proportional odds >0 1.18 0.52 3.27 (1.17, 9.11) 0.024 
>1 1.18 0.52 3.27 (1.17, 9.11) 0.024 

a Ninety-five percent confidence intervals are derived from a normality approximation and the observed 
inverse information matrix. 
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•  VaxGen’s	
  MN/GNE8	
  gp120	
  vax;	
  early-­‐phase	
  trial	
  
– See	
  Gilbert,	
  Self,	
  Ashby	
  1998	
  
– Not	
  randomized	
  
– Low	
  power,	
  few	
  endpoints	
  

•  Breslow-­‐Day:	
  p=0.11	
  
•  Kruskal-­‐Wallis:	
  p	
  =	
  0.17	
  

# mismatches� 0 � 1 � >1 �

Historical � 43 � 20 � 4 �

Vaccine� 2 � 1 � 2 �

.072!

0.13	
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•  Con*nuous	
  analog	
  of	
  the	
  MLR	
  model	
  
– Parameterized	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

•  For	
  some	
  determinis*c	
  func*on	
  

• Where	
  	
  	
  	
  

– Parametric	
  component:	
  regression	
  coefficients	
  
– Nonparametric	
  component:	
  
	
  	
  	
  	
  	
  	
  	
  the	
  placebo-­‐recipient	
  distribu*on	
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•  Interpreta*on	
  of	
  the	
  regression	
  coefficients	
  

– Can	
  also	
  compute	
  arbitrary	
  log-­‐odds	
  ra*os	
  via:	
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•  The	
  MLR	
  and	
  GLR	
  models	
  can	
  accommodate	
  
pathogen	
  varia*on	
  described	
  by	
  mul*ple	
  features	
  

•  Data	
  examples:	
  
– Cholera:	
  biotype,	
  serotype,	
  disease	
  severity	
  
– Rotavirus:	
  serotype,	
  disease	
  severity	
  
– HIV-­‐1:	
  vast	
  possibili*es	
  

•  tropism	
  
•  sequence	
  distances	
  to	
  mul*ple	
  vaccine	
  inserts	
  
•  presence	
  (or	
  affinity)	
  of	
  an*body	
  binding	
  targets	
  
•  sequence	
  distances	
  in	
  mul*ple	
  regions	
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•  	
  	
  
•  eg	
  for	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  	
  	
  

•  Can	
  inves*gate	
  dependence	
  of	
  VE	
  on	
  marginal	
  
distances,	
  adjus*ng	
  for	
  other	
  distances	
  
– eg	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  adjusted	
  for	
  	
  	
  

•  Can	
  inves*gate	
  interac*ons,	
  eg	
  does	
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•  Includes	
  HIV-­‐1	
  proteins	
  coded	
  by	
  genes	
  
– gag,	
  pol,	
  and	
  nef	
  

•  	
  	
  
–  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  a	
  distance	
  metric	
  based	
  on	
  the	
  gag	
  gene	
  
–  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  a	
  distance	
  metric	
  based	
  on	
  the	
  pol	
  gene	
  
–  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  a	
  distance	
  metric	
  based	
  on	
  the	
  nef	
  gene	
  

•  Inves*gate	
  how	
  vaccine	
  efficacy	
  depends	
  on	
  
heterogeneity	
  in	
  gag,	
  pol,	
  and	
  nef	
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•  Ques*on:	
  What	
  are	
  the	
  roles	
  of	
  CD4+	
  and	
  CD8+	
  
T-­‐cell	
  immune	
  responses	
  in	
  vaccine	
  protec*on?	
  
– Helper	
  t	
  cells	
  (CD4+)	
  vs	
  Killer	
  t	
  cells	
  (CD8+)	
  

•  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  are	
  phenotypic	
  marks	
  
–  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  strength	
  of	
  the	
  CD4+	
  T	
  cell	
  response	
  

•  a	
  T	
  help	
  metric	
  

–  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  strength	
  of	
  the	
  CD8+	
  T	
  cell	
  response	
  
•  a	
  CTL	
  metric	
  

•  Pu~ng	
  these	
  together,	
  get	
  3x2	
  =	
  6	
  dimensions:	
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•  s	
  dis*nct	
  covariate	
  groups	
  
– eg	
  for	
  placebo	
  &	
  vaccine	
  groups,	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  in:	
  

•  	
  For	
  the	
  d-­‐dimensional	
  case,	
   	
   	
   	
  
	
  the	
  s-­‐sample	
  GLR	
  model	
  is	
  

•  s	
  could	
  also	
  be	
  mul*ple	
  vaccine	
  dose	
  levels,	
  
	
  	
  	
  	
  	
  stra*fica*on	
  variable	
  levels,	
  etc.	
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Pr(Y = y|xi) =
exp{gi(y)q} f (y)R •

0 exp{gi(z)q}dF(z)
(30)

gplac(·) = 1 (31)
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•  The	
  s-­‐sample	
  GLR	
  model	
  is	
  a	
  special	
  case	
  of	
  a	
  
semiparametric	
  biased	
  sampling	
  model:	
  

•  	
  eg	
  two-­‐sample	
  one-­‐dimensional	
  GLR	
  model:	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  
	
  
•  MLEs	
  are	
  obtained	
  by	
  maximizing	
  a	
  par*al	
  
likelihood	
  
– see	
  Gilbert	
  et	
  al,	
  1999	
  and	
  Gilbert,	
  2000	
  

Pr(Y = y|i) = wi(y,q) f (y)R •
0 wi(z,q)dF(z)

(34)

i 2 1, . . . ,s (35)
(36)

w1(y,q)⌘ 1
w2(y,q)⌘ g(y)q
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•  GLR	
  model	
  is	
  iden*fiable	
  
•  GLR	
  model	
  is	
  uniquely	
  es*mable	
  

– Log	
  profile	
  par*al	
  likelihood	
  is	
  strictly	
  concave	
  
•  MLEs	
  are	
  uniformly	
  consistent,	
  asympto*cally	
  
Normal,	
  asympto*cally	
  efficient	
  

•  Confidence	
  intervals	
  and	
  variance	
  es*ma*on	
  
1.  sample	
  es*mator	
  of	
  generalized	
  Fisher	
  informa*on	
  
2.  bootstrap	
  

•  Sa*sfactory	
  finite-­‐sample	
  proper*es	
  
•  Comparable	
  to	
  MLE	
  in	
  Cox	
  model	
  



Outline	
  Talk	
  2	
  

1.  Introduc*on:	
  Concepts	
  and	
  defini*ons	
  of	
  sieve	
  effects	
  /	
  sieve	
  analysis	
  
–  Vaccine	
  efficacy	
  versus	
  par*cular	
  pathogen	
  strains	
  
–  Sieve	
  effects	
  and	
  other	
  effects	
  
–  Some	
  immunological	
  considera*ons	
  
–  Some	
  sieve	
  analysis	
  results	
  from	
  HIV-­‐1	
  vaccine	
  efficacy	
  trials	
  

2.  Some	
  sta*s*cal	
  approaches	
  to	
  sieve	
  analysis	
  
–  Binary	
  endpoint	
  (Infected	
  yes/no)	
  

•  Discrete	
  pathogen	
  types:	
  Categorical	
  data	
  analysis	
  
•  Con*nuous	
  types:	
  Distance-­‐to-­‐insert	
  comparisons	
  

3.   Assump.ons	
  required	
  for	
  interpreta.on	
  as	
  per-­‐exposure	
  vaccine	
  efficacy	
  

58!



Model	
  parameters	
  and	
  odds	
  ra.os	
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•  Recall:	
  for	
  two-­‐sample,	
  one-­‐dimensional	
  MLR,	
  

– MLR:	
  
– Scored	
  MLR:	
  
– Ordered	
  stereotype:	
  

– Cumula*ve	
  categories:	
  

– GLR:	
  

Pr(Y = y|i) = wi(y,q) f (y)R •
0 wi(z,q)dF(z)

(34)

i 2 1, . . . ,s (35)
(36)

w1(y,q)⌘ 1
w2(y,q)⌘ g(y)q

• Model parameters and ORs

ebs =
Pvs

Pv1
/

Pps

Pp1
=

RR(s)
RR(1)

= log{ OR(s) }

Pzs ⌘ Pr
�

infected by strain s
�� infected in [0,t], vaccine treatment assignment is z

�

eb2 = OR(2), . . . ,ebK = OR(K)

eb = OR(2), . . . ,e(K�1)b = OR(K)

eb2 = OR(> 1), . . . ,ebK = OR(> K �1)

eb = OR(> 1), . . . ,e(K�1)b = OR(> K �1)

• Retrospective vs Prospective

(37)
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  vs	
  Prospec.ve	
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•  All	
  of	
  the	
  methods	
  (so	
  far)	
  condi*on	
  on	
  infec*on	
  
– A	
  post-­‐randomiza*on	
  subgroup	
  
– Poten*al	
  for	
  bias	
  despite	
  randomized	
  design	
  

•  Gilbert,	
  Self,	
  Ashby	
  (1998)	
  define	
  
–  (have)	
  retrospec<ve	
  rela*ve	
  risk	
  

–  (want)	
  per-­‐contact	
  rela*ve	
  risk	
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• Retrospective vs Prospective

RR(s) =
Pr
�

infected by strain s
�� infected, vaccine recipient

�

Pr
�

infected by strain s
�� infected, placebo recipient

�

RRpc(s) =
Pr
�

infected by strain s
�� one exposure to strain s, vaccine recipient

�

Pr
�

infected by strain s
�� one exposure to strain s, placebo recipient

�
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The	
  Sieve	
  Condi.ons	
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•  per-­‐contact	
  RR	
  is	
  retrospec<ve	
  RR	
  if	
  
(during	
  the	
  trial	
  follow-­‐up	
  period)	
  

1.  Infec*on	
  is	
  possible	
  from	
  at	
  most	
  one	
  strain	
  
2.  The	
  rela*ve	
  prevalence	
  of	
  strains	
  is	
  constant	
  
3.  Exposure	
  distribu*ons	
  are	
  the	
  same	
  in	
  both	
  treatment	
  

groups,	
  and	
  homogeneous	
  across	
  subjects*	
  
•  Proof	
  in	
  Gilbert,	
  Self,	
  Ashby	
  (1998)	
  

– Holds	
  for	
  all	
  of	
  the	
  aforemen*oned	
  models	
  
–  *	
  the	
  homogeneity	
  aspect	
  of	
  this	
  assump*on	
  can	
  be	
  
relaxed.	
  See	
  Gilbert,	
  Sta*s*cs	
  in	
  Medicine	
  2000.	
  	
  

–  See	
  Gilbert,	
  et	
  al	
  (2001)	
  for	
  more	
  discussion	
  
•  Allows	
  for	
  the	
  interpreta*on	
  of	
  strain-­‐specific	
  VE	
  as	
  
prospec*ve,	
  per-­‐contact-­‐by-­‐s	
  VE	
  

	
  


