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FDA 2011 Guidance

 The collection and evaluation of
data from the process design

stage throughout production,
Process

Validation  Establishes scientific evidence
that a process is capable of
consistently delivering quality
products.
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FDA 2011=» Approval of the process

“In consideration of the entire
compilation of knowledge
and information gained from
the design stage through the
process qualification stage”.
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Process validation lifecycle

Stage 1: Process Stage 2 : Process Stagesr;ggsnstmued
Design Qualification Verification (CPV)
* Process development » Stage 2a: Design of » Stage 3a: Short term
e Process the facility and CPV
characterization qualification of the - Stage 3b: Long term
equipment and CPV
facilities
- Stage 2b: Process
performance

gualification (PPQ)
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FDA 2011: Process performance criteria

e The criteria should

rrocess include statistical metrics
defining both
st * Intra-batch and

 Inter-batch variability

Tablet
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Sampling plan of PPQ

~N

Fit an appropriate Generate Specify
Bayesian model for posterior candidate
the data samples sample size
4 A
Calculate the tolerance
Select a minimum interval (TI) and the Specify the
sample size probability of the Tl to range of true
sufficient for PPQ be within Specifications batch means
(PoS)
\. y,
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Motivating data sets

Historical data 2; Current data
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BLMM for historical data

Yoij = Poo T Doi + €oij L(BIDy) = HHf(inj|bOi,ﬁ00,a()2)g(b0i|a§0)
i=1 j=1

* Ypij = assay value
* By = the process mean o f(Moijlboi Boo 5 ) = N(Boo + boy, 75)

2 _ 2 . . .
+ by; = the random batch e g(boilog,) = N(0, o) distribution of
effect batch random effect,
* €g;; ~ N(0, ag) the e Dy = (By, Yy by) historical data
random error term e 0y = (Boo 0¢, g4 ) vector of parameters

Statistics and Decision Sciences

Industry-leading Statistical Expertise



BLMM for current data

L(8|D)
::B0+bi+€ij B n;
=111 [f(yl,wuﬁo, 0?)g(bilof)
=1 j=
* Yij = assay value * f(ijlbi, Bo,0%) = N(Bo + b;, o)

* [, = the process mean,

* b; = the random batch effect,

* € ~N(0, 0%) the random
error term

g(b;la?) = N(0, aZ) distribution of b,

D = (B, y, b) historical data
0 = (By, 02, of) vector of parameters
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Basic formulation of power prior

 |[brahim and Chen (2000) defined power prior:

(6 | Dy, ay) < L(6 | Dy)%m(0)

« Assumption 8, =0

* a, IS a parameter that weights the historical data relative
to the likelihood of the current data.

« Rangeofay:0<ay < 1.
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Family of power priors

Partial borrowing power prior
with fixed discounting
parameter

Partial borrowing unnormalized
power prior with random
discounting parameter

Partial borrowing normalized
power prior with random
discounting parameter
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Partial borrowing power prior with fixed
discounting parameter

{J 'L (8,8 | Dy)*m(B,,80)d0,)
[{/ L (8,80 | D)®om(8B,,8,)d6,}db,

X {fL (0.,00 | Dy)%m(0,, Bo)deo} m(0;)

(0 | Dy, ay) X

m(0,)

e 0= (0,0,)the parameters of current data, a,=0, 0.1, 0.2,
e (0.,0,) the parameters of historical data, 0.3 0.4 05
e 0. = (0?) the common parameters, 06 07 08
e 0, = (B, 0) the parameters only for the current, 0 9’ X ’ ’

o 0y = (Boo o) the parameters only for the historical
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Partial borrowing unnormalized power prior with
random discounting parameter

{[L(8.00|Dy)%m(0,,0,)d0,}
[{S L (8,80 Dy)*m(B,,0,)d0,}d0,

e {fL (0.,0¢ | Dy)*m(0,, Oo)deo}ﬂ(eﬂﬂ(ao)

77:(9, ao | DO) X

m(8,)7m(ao)

e 1m(a,) is the initial prior for a,
e a, : the heterogeneity (compatibility) between current
and historical data.
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Partial borrowing normalized power prior with
random discounting parameter

7'[(9, Ao | Do)
3 {[ L0, 80| Dy)%m(0,,0,)d0,}

c(aop)

m(0,)m(ay)

o c(ap) =[{fL(O.,0y|Dy)*m(0,,0,)d0,}d0, the
normalsing constant.
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Priors for discounting parameter

Priors for a0

m -
B a0-Beta(1,1)
H al0-Beta(2,2)
B al0-Beta(5,5)
0 — H al0-Beta(5,2)
O a0~Beta(10,10)
B a0-~-Beta(50,20)
=
W
[y =
L)
(]
o
Py
o e

0.0 02 04 06 08 1.0

N =10000 Bandwidth=0.04114
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Modeling results for historical and current data

separately
Process Within-batch Between-
Model Mean (5,) SD (o) batch SD (o)
Historical Estimate 994 1.11 1.49
Lower 99.0 1.04 1.08
Upper 100.0 1.20 2.15
Current Estimate 100.4 0.55 1.96
Lower 99.5 0.45 1.27
Upper 101.4 0.71 3.38
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Estimating sample size for historical and
current data separately

StanModel_NonePower_Historical n StanModel_NonePower_Current n
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Modeling results using the partial borrowing
power prior with fixed discounting parameter

Model o g ap .

. Lower 99.5 0.98 0.80
Lower 99.5 0.45 0.90 Upper 101.4 1.16 2.42
Upper 101.3 0.69 2.47 ao = 0.7 Estimate 100.4 1.07 1.34
ap = 0.1 Estimate 100.4 1.01 1.35 Lower 99.5 0.98 0.81
Lower 99.4 0.85 0.82 Upper 101.3 1.16 2.45
Upper 101.3 1.23 242 a, = 0.8 Estimate 100.4 1.07 1.36
ap = 0.2 Estimate 100.4 1.04 1.34 Lower 99.4 0.99 0.80
Lower 99.5 0.91 0.81 Upper 101.4 1.15 2.45
Upper 101.3 1.20 241 ap = 0.9 Estimate 100.4 1.07 1.33
ap = 0.3 Estimate 100.4 1.05 1.34 Lower 99.5 1.00 0.81
Lower 99.5 0.93 0.80 Upper 101.3 1.15 2.40
Upper 101.3 1.19 235 ap = 1.0 Estimate 100.4 1.07 1.34
ap = 0.4 Estimate 100.4 1.06 1.34 Lower 99.4 1.00 0.81
Lower 99.4 0.96 0.80 Upper 101.3 1.15 2.38

Upper 101.3 1.18 2.43

a, = 0.5 Estimate 100.4 1.06 1.35

Lower 99.5 0.97 0.82

Upper 101.3 1.17 2.39
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Sample size using the partial borrowing power
prior with fixed discounting parameter
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Statistics and Decision Sciences

Industry-leading Statistical Expertise



Modeling
results using
partial
borrowing
unnormalized
power prior
with random
discounting
parameter

Model Bo o o}, ag
ap~Beta(1,1) Estimate 100.4 0.56 1.40 0.0003
Lower 99.5 0.46 0.91 0.0000
Upper 101.3 0.72 246 0.0014
ap~Beta(2,2) Estimate 100.4 0.58 1.42 0.0009
Lower 99.5 0.47 0.90 0.0001
Upper 101.3 0.73 2.49 0.0029
ao~Beta(5,5) Estimate 100.4 0.62 1.40 0.0031
Lower 99.4 0.49 0.90 0.0008
Upper 101.4 0.79 2.41 0.0071
apo~Beta(5,2) Estimate 100.4 0.61 1.41 0.0032
Lower 99.5 0.49 0.91 0.0008
Upper 101.4 0.80 2,53 0.0075
ap~Beta(10,10) Estimate 100.4 0.68 1.38 0.0079
Lower 99.4 0.54 0.88 0.0035
Upper 101.3 0.88 2.44 0.0146
ap~Beta(50,20) Estimate 100.4 0.98 1.35 0.0634
Lower 99.5 0.80 0.82 0.0455
Upper 101.4 1.20 2.46  0.0849
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Sample size using partial borrowing unnormalized
power prior with random discounting parameter
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Modeling
results using
partial
borrowing
normalized
power prior
with random
discounting
parameter

Model Bo o Op ao
ap~Beta(1,1) Estimate 100.4 0.59 1.40 0.0926
Lower 99.4 0.47 0.89 0.0000
Upper 101.4 1.11 245 0.8819
apo~Beta(2,2) Estimate 100.4 1.06 1.35 0.5594
Lower 99.4 0.67 0.81 0.0038
Upper 101.3 1.16 2.49 0.9136
ap~Beta(5,5) Estimate 100.4 1.06 1.33 0.5344
Lower 99.5 0.96 0.80 0.2691
Upper 101.3 1.17 2.46 0.8054
apo~Beta(5,2) Estimate 100.4 1.07 1.35 0.7332
Lower 99.5 0.99 0.81 0.3943
Upper 101.3 1.16 244 0.9584
ap~Beta(10,10) Estimate 100.4 1.06 1.35 0.5156
Lower 99.5 0.97 0.82 0.3199
Upper 101.3 1.17 240 0.7176
ap~Beta(50,20) Estimate 100.4 1.07 1.35 0.7184
Lower 994 0.98 0.81 0.6032
Upper 101.3 1.16 245 0.8174
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Sample size using partial borrowing normalized power
prior with random discounting parameter
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Summary

Why do we need to validate a manufacturing process?
« To assure drug quality

Why sampling plan for PPQ is so important?

» To be cost effective

Informative priors to leverage historical data in process
validation?

* Power priors

Discounting parameter Vs Sample size?
 Increasing (not always)
Unnormalized Vs Normalized?

Statistics and Decision Sciences

Industry-leading Statistical Expertise



References

» Guidance for Industry, “Process Validation: General Principles and Practices,” US Department of
Health and Human Services,Food and Drug Administration, Center for Drug Evaluation and
Research (CDER), Center for Biologics Evaluation and Research(CBER), Center for Veterinary
Medicine (CVM), January 2011, Current Good Manufacturing Practices, Revision 1.

» |brahim JG, Chen MH. Power prior distributions for regression models. Statistical Science. 2000
Feb 1:46-60.

» |brahim JG, Chen MH, Gwon Y, Chen F. The power prior: theory and applications. Statistics in
medicine. 2015 Dec 10;34(28):3724-49.

= LeBlond D, Mockus L. The posterior probability of passing a compendial standard, part 1: uniformity
of dosage units. Statistics in Biopharmaceutical Research. 2014 Jul 3;6(3):270-86.

= Wolfinger RD. Tolerance intervals for variance component models using Bayesian simulation.
Journal of Quality Technology. 1998 Jan 1;30(1):18-32.

» Faya P, Seaman Jr JW, Stamey JD. Bayesian assurance and sample size determination in the
process validation life-cycle. Journal of biopharmaceutical statistics. 2017 Jan 2;27(1):159-74.

= Carvalho LM, Ibrahim JG. On the normalized power prior. Statistics in Medicine. 2021 Oct
30;40(24):5251-75.

Statistics and Decision Sciences

Industry-leading Statistical Expertise



Thank You!
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What i1s next?

7

Simulation
study

N\

Statistics and Decision Sciences

Industry-leading Statistical Expertise

7

PPQ
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Dissolution

Joint
modeling
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