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Data Summary from Source VIEW 1+2, Heuer et al, Opht. Vol. 119, 2012
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Bayesian Drug Disease Model with Stan

Learning From Published Data Summaries with
Sample Importance Resampling (SIR)
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Example: Wet Age Macular Degeneration (AMD)

If Untreated Severe Degradation of Vision within ~1-2y

Prevalent in elderly
patients

Treatment with
Intravitreal injections

of anti-VEGF inhibitor HVZDS
- Ranibizumab Decrease- N C V KD
» Aflibercept Linearly A CZSHN
ONVSR
Clinically relevant o kosv

endpoint is change
from baseline BCVA 4
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BCVA
best corrected visual
acuity measured as letters

Log-Scale
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Avallable Patient Data on Ranibizumab
In-House Conducted Studies Marina, Anchor and Excite

Patient Level Data

«~ 200 Placebo
*~1100 Ranibizumab

Baseline
* BCVA 53 (+ 13) letters
*Age 73 (+ 7.5) years

- 0.5 mg of ranibizumab
' 0.3 mg of ranibizumab Q4W

Marina study
Rosenfeld et al
NEJM, Vol. 355, 2006

-g-&) Sham injection

Dose 0.3/0.5mg Q4/12w = BCVA every 4w
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Drug Disease Model For BCVA Letter Count
A Turnover K-PD Model with Stimulation of k;,

Ocular PK absent loglogs 4 (vj:/100) ~ Normal(g;(¢;;), o))
Vl/ _4r9ndL BCVA letter count 0 < y;; < 100 for patient ] at time point ¢ ;
|nj kout,j
dg; (t)
J max
|1+ EP*(¢) hill; (¢; ()] 7;(t)
10—
e 0.5 mg of ranibizumab
PE:. 3 ' 0.3 mg of ranibizumab Q4
< ;
87 ofg... SR L TSJ I NTNTIIY
=3
%E- - Marina study
3= Rosenfeld et al
s _lo- NEJM, Vol. 355, 2006
s
-15- P Sham injection
o 3 & 9 12 15 18 21 24
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Key Modeling Choices

Subject-specific random effects
» Baseline BCVA g;(0) = ay + 1)

kin '
* Placebo steady-state BCVA ——= = a,; = a; + 1

out,j

Efficacy varied substantially between and within a study
— study/treatment arm random effect n;;,

log(EmaX) LES™ + {covariates} + My ()

Informative priors for stable model fit
* Inclusion/exclusion criteria: Baseline BCVA «ay = 37-75 letters
* Clinical disease knowledge: Loss of 14-16 letters + T ~ %2 — 1%y
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Model Inference with Stan to Obtain Posterior
Stan Extended for ODE Support in Cross-Divisional Project at Novartis

Patient  Priors (61, ... 000} Trace per chain of log(t)
Datax  p(0) >0 e |
>97 ji"tr H*WR‘KHAKYT'NJH~
{0201, -, Ba00} 581 MHEAAN "'\sléﬁ"'.f‘hﬁk"‘"\Jli* (W
5.7+ T\ VTR Ty O
5.6-‘| I I | 1 I
200 250 300 350 400
AL I
Density of log(t) per chain
6' -

{6601' "t 0800}

K-PD

{9801» Ll 91000}
Turnover Model

Likelihood R?nnp5af;|a;?s 56 5.7 51(8) 59 6.0
0 log(t
mp(x l ) ~22'30h Rhat< 1.02
MEWhtton://me-stan. oral 230 < N, < 1000
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Learning From Published Data Summaries
Expand Model to Further Substances from Published Data Summaries

Substances differ by EC50 (and maybe Emax)

Strategy: Bridge available knowledge to published data
summaries and learn by applying
Sample Importance Resampling (SIR) / «discrete» Bayes

Available 1. Discount 2. Bridge 3. Learn
Knowledge Same Emax Predict Mean Bayes’
Patient Data x Vague EC50 BCVA Change 4 Theorem

p(0 | x) p(6* | x) p(4 6%, x) p(6* 1 4,x)

‘i\‘i‘i‘ T  m— i‘

| u ! /' Model AI Data Summaries
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Available Summary Data on Marketed Substance
Aflibercept NI trial VIEW1+2 with Ranibizumab control

Each treatment arm included ~300 patients — ~2400

Large variation between (some) replicated treatment arms
Source: VIEW 1+2, Heuer et al,Opht. Vol. 119, 2012
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BCVA Change

Learning From Published Data Summaries with SIR
Predicted Mean BCVA Change with 95% CI Before and After SIR

Updated Emax and EC50 Precision of Emax increased
by ~40% for Aflibercept

Source: VIEW 1+2, Heuer et al, Opht. Vol. 119, 2012
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Summary
Bayesian Drug-Disease Model Integrates Patient and Summary Data

Bayesian drug-disease model predicts time-profiles of
drug responses using patient and summary data.
Valuable to plan non-inferiority trials with a control
which uses a substance for which only summary data
are available.

Sparse sampling makes model(s) quickly hard to fit
without prior information.

Bayesian framework Stan coupled with informative
priors was key for a stable model fit.

Sample Importance Resampling allows to obtain Emax
and EC50 of further substance from data summaries,
performs a «discrete» application of Bayes’ Theorem.
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Sample Importance Resampling

Extend draw i from posterior 0; = (6, lEgR ", IEC50, IES™™)

Simulate expected profiles of n
patients per treatment arm of study
VIEW1+2 with draw i and replicate

m times Broji =108l0g 4 (9, (1)) — loglog (g ,(0))
Calculate baseline change at 1y; m
estimate between patient j and E(1/wé, )t =m™! (Apei—Dui)?
between study-treatment arm k =1
. m n
variance B(L/@3)7 = (mm)7 ) D (A= B
= ]:

Repeat step 1-3 for all draws from
the posterior such that we obtain the
posterior of the baseline change

Update the posterior via importance

resampling, i.e. consider posterior p(AYEW 167) = N(A,.; (w2; + T3 ) /n + 02,)
from model as prior and update with

summary level data from VIEW1+2.

Weight-given-by prior predietive s« ) NOVARTIS



Sample Importance Resampling

Duality between sample and density

Rejection sampling reweights samples, i.e.
sample from density g(8) samples with density f(8)

*LetM = supg%

*Draw 8 ~ g(@) and u ~ (0,1)

f(6)

. <
Tu < ey

then accept 9; otherwise reject it

Bayes Theorem p(@ | x) = p(xlf’(ll)’(e) o« p(x | 6) p(6)
Equivalent to reweighting prior sample by likelihood

» Generate prior sample with density g(8) = p(6)

- Resample prior sample with £,.(8) = p(x | 8) p(0) — % < p(@ | x)
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SIR Assumptions & Limitations

External data generated by the same
- Structural model - only few parameters change
- Statistical model - variance components are identical

Approximate method

Update based on deviations of predicted (model) mean
from summary level data

Only reliable under steady-state conditions
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Stan Model Code Excerpt

Stan models are declared with up to 6 blocks
Data, transformed data, parameters, transformed
parameters, model, generated quantities

In transformed parameters IPRE is computed

for (j in 1:J) { // individual parameters are set here
real gO0;
g0 <- alpha O[SARM[J]] + eta bval]j];
if(PBO[J]) { // analytic solution for placebo (no drug)
real asymp;
asymp <- kin / kout;
for(i in 1:N[731])
Lypred[y index + 1 - 1] <- asymp + (g0 - asymp) * exp (-
kout * t[y index + 1 - 1]);

The model block contains priors + sampling statements
ltau ~ normal (log(365.), log(l.5)/1.96);

// vectorized likelihood
Ly ~ normal (Lypred, sigma y);
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