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PICOBOQO Recap

« COVID-19 vaccinations in immunocompetent participants

* Participants randomised to receive a booster dose and may be rerandomised
e Strata: Primary schedule and age group

* Interventions: Pfizer, Moderna, Novavay, ...

* Primary estimand: log10 ancestral SARS-CoV2 anti-spike 1gG at 28 days

 Decision rules: Stop recruitment if adequate precision
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Notation
» Participant: tel={12,.. N}
* Primary Schedule: j € J] = {AZ, Pf, Mod}
* Age Group: leL={12-<18,18-< 50,50 -< 70, = 70}
* Intervention: k € K = {Pf,Mod, Nvx, Pf BA. 1, Mod BA. 1, Pf BA.4/5,Mod BA.4/5}
* Booster Number: me M; < M = {1,2,3}
 Covariates: Xim = {Xim1, Xim2> > Ximp }
« Outcome: Vi1 € RMI € R® (y550m € R k* S K)

ADAPTIVE HEALTH

EEEEEEEEEEEEEEEE



- 11
Model

e~ N ([im + im0 [z 1)
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Model

e~ N ([im + im0 [z 1)

Multivariate outcome
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Model

Mean response conditional on covariates

e~ N ([im + im0 [0

Multivariate outcome
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Model

Mean response conditional on covariates

e~ N ([im + im0 [0

A

Multivariate outcome Covariate effects
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Model

Mean response conditional on covariates  Vector is length | M;|

Mil Ty 1IMilx v
Yijk* ~ ([//‘]klm + xlmﬁ] ] l l )
Multivariate outcome Covariate effects
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Model

Mean response conditional on covariates  Vector is length | M;|

\ 4
|M; | M|
Y]k* ([//‘]klm + xlmﬁ] ] l l )
A
Multivariate outcome Covariate effects 3x3 variance-covariance matrix
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Model

Mean response conditional on covariates ~ Vector is length |M;| Matrix has dimension |M;| X |M;|

\ 4
|M; | M|
~ l l
Y]k* ([//‘]klm + xlmﬁ] ] )
A
Multivariate outcome Covariate effects 3x3 variance-covariance matrix
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Example: Participant has outcomes for 4" and 5t dose

[Yijklz ] N [lijkzz + xizﬁ] [ 7‘123012]
7"13201

2
Yiikns Wiz + Xi3B]’ 0
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Hierarchical prior structure (uxm)

First level: share between booster doses _
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Hierarchical prior structure (uxm)

First level: share between booster doses




Hierarchical prior structure (ux;m)

Second level: share between age groups

First level: share between booster doses

Wikt ~ N(Wjie, Tiie)

Y

Wjktm ~ N(Wjkt Tiier)

Tjkl ~ IG(3,1)




Hierarchical prior structure (ux;m)

Second level: share between age groups

First level: share between booster doses

Wikt ~ N(Wjie, Tiie)

Y

Tj ~ 1G(3,1)

Wjktm ~ N(Wjkt Tiier)

Tjkl ~ IG(3,1)




Hierarchical prior structure (ux;m)

Third level: share between mRNA interventions

Second level: share between age groups

First level: share between booster doses

Wi ~ N(uj,77), k € {mRNA}

|

Wikt ~ N(Wjie, Tiie)

Y

Tj ~ 1G(3,1)

Wkim ~ N(Wjxer T

Tjkl ~ IG(3,1)




Hierarchical prior structure (ux;m)

Third level: share between mRNA interventions

Second level: share between age groups

First level: share between booster doses

Wi ~ N(uj,77), k € {mRNA}

|

7; ~ IG(3,1)

Wikt ~ N(Wjie, Tiie)

Y

Tj ~ 1G(3,1)

Wkim ~ N(Wjxer T

Tjkl ~ IG(3,1)




Hierarchical prior structure (uy;m)

tix ~ N(log10(8,347),0.5%), k = NvX

Third level: share between mRNA interventions

Second level: share between age groups

First level: share between booster doses

Wik ~ N(,uj,rjz),k € {mRNA}

|

7; ~ IG(3,1)

Wikt ~ N(Wji, Tii)

Y

Tjx ~ 1G(3,1)

Wkim ~ N(Wjxer T

Tjkl ~ IG(3,1)




Hierarchical prior structure (uy;m)

tix ~ N(log10(8,347),0.5%), k = NvX

1;j ~ N(log10(20,517),0.5%)

Third level: share between mRNA interventions Hijk

~ N(uj,7}), k € {mRNA}

|

Second level: share between age groups

7; ~ IG(3,1)

Wikt ~ N(Wji, Tii)

Y

First level: share between booster doses

Tjx ~ 1G(3,1)

Wkim ~ N(Wjxer T

Tjkl ~ IG(3,1)
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Other prior distributions

,Bp ~ N(0,1)
Z; = QR,Q
Q; = gl3

1 12 113
R; =1\ 721 1 1123

31 T3z 1
0, ~ Exponential(0.5)

R; ~ LK]Jcorr!(2)
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Simulated example

Assume: Scenarios:
iel=1{12,..,300} 1) SD=0.2
j €] =P} 2) SD=0.3
leL={12-<18,18 -< 50,50 —< 70,> 70}
3) SD=04
k € K = {Pf, Mod, Nvx}
4) SD=0.5

mEM,=M={2,3}
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Precision comparison
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Change in precision
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Change in precision
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First Scheduled Analysis

iel={12,..,266%

j €J ={ALPf}

le L={12-<18,18-<50,50—-<70,= 70}
m € M = {1,2} but no rerandomised participants

*Analysis scheduled for 300 but only 266 “eligible” samples due to missed visit
windows, exclusion due to COVID-19 infection, etc.
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First Scheduled Analysis — Precision Comparison
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Discussion

» Bayesian hierarchical model efficiently estimates parameters by allowing for
information borrowing between subgroups

 Gains in precision scale with data variability (perhaps not surprisingly)
* |s the additional statistical machinery worthwhile?

* Will the gains (or lack of gains) in precision vary as PICOBOOQO progresses?
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