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Idea:
Upcycling development data to save
experimental resources.



Background

The Technical Team develops a tablet with dose strength x.
The Clinical Team says ‘thank you’, but now requests a new dose strengthy.

m [henthe Technical Team sets up a new product with same API, dose proportional, ‘same’
process except different tablet weight and diameter, for new dose strengthy.

m Canwe upcycle existing development data to save a relevant number of batches in a new
process development project?



Background

m Ifyour first dose strength shows some factors are inactive, you can set up smaller DoE's, and if on top of
that two way interactions are inactive, you can save a lot of runs by switching from a resolution V DoE (left

panel) to a resolution Ill DoE (right).
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Background

m The reduction of runs comes from downgrading resolution V (e.g. full factorial) to resolution lll (e.g
fractional factorial).

m How to compensate that the new dose strength is based on much fewer new runs?
s Can we benefit assuming the process for old and new processes are consistent?

m Note: Upcycling data requires a robust process and analytics, and consistency between old and
new process.



Quick Bayes Recap

Uncertainty

m [he posterior distribution is proportional to the
product of the prior distribution and the likelihood
function

m [he prior and likelihood both contribute to the final
shape and central tendency (location) of the
posterior

p . Likelihood
osterior
Prior

\
\

\
\

/
F

Noise

F
r
"4 E

—mbhecccecbhbhecccectcccccec=-

e

1
1
1
|
N
) S
1
[

Expectation Estimate Reality



Our current strategy for specifying the prior

m Forexample, the posterior associated with the historical data is the following:

1

2 - 2
p(B,0%| Xn,yn) o< N(yn|XpnB,0°1I) X s}
s We make use of the following factorization to sample from the posterior distributions

p(B, 02| Xn,yn) = p(Blo?, Xn, yn)p(0?| Xn, un)

Normal Distribution Inverse-Gamma Distribution

m Canuse the posterior of the historical data as the prior for the current data, i.e.,

p(/j’aO'QlXcayC) X N(ychcﬁaO-QI) le(BIO'Q,Xh, yh)p(OQIXhayh)J

:

Posterior Distribution of Likelihood of Prior distribution which is the posterior
Current Data Current Data distribution of the historical data




Why use this prior elicitation strategy?

s We are able to leverage historical data in a noninformative way (i.e., reduce subjectivity of the prior)
= Under a noninformative prior, the Bayesian inferential results for the historical data match the
frequentist inferential results
m It'sasimple strategy
m All calculations are straightforward
m Closed form distributions for all quantities of interests
m Sampling from the posterior and posterior predictive distributions is very simple



Available Data Sets

Sameinib and Diffimod are fictitious drug names

Half Fractional 4+1 CP

Sameinib 7 mg
Full Factorial 8 + 3 CP =

Half Fractional 4+1 CP

Half Fractional 4+2 CP

Examples:
* best case DoE, super formulation
** not so good role model formulation




7 mg Sameinib Full Factorial is split into two 'z Fract. Factorial subsets

15t subset:

used for model /c} =

C Sameinib 7 mg
Full Factorial 8 + 3 CP =

Half Fractional 4+1 CP

l}_ -------- i ]
i /c% Half Fractional 4+2 CP

withheld, used for
verification
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‘Quality’ of Sameinib 7 mg Model

Model Responses: Tablet Core Hardness & Dissolution 15 min

New Dose Strength:

/ Sameinib 7 m:J IR ETE —— OUTCOME

Linear

Models
SE GO AR ST T Ei - N — OUTCOME

Sameinib 4 mg Full Fac Data Sameinib 7 mg FracFac Data Eellfee] |2

Diffimod 200 mg ST CILT WA RS TS T EN - —— OUTCOME

Prior:

Equally
good with
less runs?
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The Statistical Model

V=Bt B X +BX, + s e
Factors: one MA, two PP’s
X, ="APIPSD d50 [um],
x, ="Comp. Press. [MPa]

N
’

X5 = Dwell Time [ms],

Responses: two IPCs, two CQA

N
’

y, = Disint. Mean [sec]
y, = Diss. 15 min Mean [%] -

Notes
The model for Diffimod model s slightly different as it does not include x,
Arabic Numbers in subscript refer to data as is, e.g. y, = 180 sec

lowercase latin letters in subscript refer to mean centered and std. data, e. y,= 5.0

see Appendix
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Disintegration Time (sec)

Disintegration Time y;
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Standardized Disintegration Time ()

Standardized Disintegration Time y,
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7 mg Sameinib /2 Frac. DoE
4 mg Sameinib Full DoE

200 mg Diffimod
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y. - std. Disintegration Time
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Std. Disintegration Time ()

7 mg Full Factorial Data, Frequentist Model
This would be the madelif we reinvent the wheel every time we have a new dose strength with n=11runs

e o / mg Sameinib shown / withheld
7 mg Sameinib Full DoE (shown & withheld) Frequentist
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Std. Disintegration Time ()

Fractional Factorial Data, Frequentist Model

The reguced # of runs saves resources, but leads 0 higher uncertainty = wider pred. intervals.

e o / mg Sameinib shown / withheld
7 mg Sameinib Full DoE (shown & withheld) Frequentist
—— 7 mg Sameinib Frac. DoE (shown only) Frequentist
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Std. Disintegration Time ()

Bayes Model with 4 mg data for prior and 7 mg fractional data

Much smaller prediction intervals fo

2
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—— / mg SameinibFrac., prior 4 mg Sameinib
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Std. Disintegration Time ()

Bayes Model with 4 mg data for prior and 7 mg fractional data
Bayes tradeoff: reduction of variance, increase of bias.

e o / mg Sameinib shown / withheld
7 mg Sameinib Full Dok Frequentist —— / mg Sameinib Frac., prior 4 mg Sameinib
— 7 mg Sameinib Frac. Dok Frequentist
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Std. Disintegration Time ()

Bayes Model with 200 mg data for prior and 7 mg fractional data
Priors informed by inconsistent process leads to wider uncertainty = prediction intervals.

In-built STOP sign

e ~ / mg Sameinib shown / withheld

7 mg Sameinib Full Dok Frequentist —— / mg Sameinib Frac., prior 4 mg Sameinib
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Std. Disintegration Time ()

Disintegration - Overview of Prediction Intervals

e o / mg Sameinib shown / withheld

7 mg Sameinib Full Dok Frequentist —— / mg Sameinib Frac., prior 4 mg Sameinib
— 7/ mg Sameinib Frac. Dok Frequentist =—=="/ mg Sameinib Frac., prior 200 mg Diffimod
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Summary

m [hisuse case: Due to elimination of inactive factors and 2Fl, a reduced DoE
with 6 runs instead of 11 runs renders feasible. This corresponds to 45%
less material and analytical efforts.

m A conjugate prior informed on existing development data (4 mg Sameinib)
can be used for better predictions in a reduced new dose strength (7 mg
Sameinib). Under favorable conditions, the 11 historic runs compensate for
5 runs saved.

m Upgrades and storage of data in FAIR format, cross-sectional discussions to
explain the concept, benefits and risks may reduce the overall savings in
FTE.

m Upcycling data requires a robust process and analytics, and consistency
between old and new process.
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Appendix



Background

m [oday, we use our scientific experience for a lean development by conducting appropriate quality risk
assessments, efficient DoE and other tools.

[Rep— 1
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From Market Formulation to Filing Document
Avery simplified overview with some selected milestones - OLD model

Market
Form.
Report

QRA1
Investigate
A, B,C,D,E,
2Flas pCPP

—

DoE | & Stat.
Analysis |
finds

A~ C, 0 Eas
CPP, no
relevant 2FI

Final DP Report
w/ Control
Strategy
concludes

A C,EasCPP

Filing section

2FI: Two Factor Interactidh



From Market Formulation to Filing Document
A very simplified overview with some selected milestones - NEW model

Market QRA1

Form. —| Investigate

Report A, B,C,D,E,
2Flas pCPP

DoE | & Stat.
—— Analysis |
finds

A~ C, 0 Eas
CPP, no
relevant 2FI

Clinical Team requests new Dose Strength.
Technical Team sets up a new product with same API, dose proportional, ‘same’ process except different

tablet weight and diameter.

NEW: Learn from Dok |
which factors are critical
Verify with reduced but
sufficient set

Final DP Report
w/ Control
Strategy
concludes

A C,EasCPP

Filing section
P2.x

DoE & Stat. Analysis Il
Perform reduced DoE with
A, C, E, no 2Fl

finds A, C, E as CPP

|/
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Intro to Bayes

A natural choice to incorporating “prior” information into a statistical analysis is to use Bayesian statistics

Assume a probability model for data, i.e., f(x | 8) a.k.a the likelihood function

m Thedistribution of X depends on the parameter 6
m [othe Frequentist, it is a unknown but fixed constant
m [othe Bayesian, since we don't know the value of the parameter, it's a random variable
m Bayesians model their uncertainty about 8 with a probability distribution, e.g., p(8)
m p(B)is called the prior distribution
m Prior because it represents the statistician’s (or scientist’s) beliefs about 8 before seeing the data
m The distribution of B after seeing the data is called the posterior distribution
m The posterior distribution is the conditional distribution of the parameter given the data, i.e, p(0 | x)
m Prior distribution p(B) is based on the best available information
m  Butyours might be different than mine. It's subjective
m  Subjectivity is the most frequent objection to Bayesian methods
m The prior distribution influences the conclusions
m [wo scientists may arrive at different conclusions from the same data, based on the same statistical
analysis

m [heinfluence of the prior goes to zero as the sample size increases
28



Our current strategy for specifying the prior

Assume that we are using the standard linear model formulation where the observation errors are
independent and have the equal variance, i.e.,

y|B,02, X ~ N(XB,0%I)

where I'is a n x n identity matrix and B a vector of linear model coefficients
In general, we can write the posterior distribution as follows:

p(B,0%X,y) < f(y|B, 0%, X)p(B,0%|X)

Posterior Likelihood Prior

Based on the “historical data” we will assume a noninformative prior of the following form:
p(B,02|X) ox =
p(B,0°|X) P
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Density
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Density
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Density
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Informative prior doesn’t match the likelihood
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Density
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Dissolution 15 min. (% LC)

Dissolution 15 miny,
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7 mg Sameinib /2 Frac. DoE
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200 mg Diffimod
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Standardized Dissolution 15 min. ()

Standardized Dissolution 15 min yq4
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7 mg Sameinib /2 Frac. DoE
4 mg Sameinib Full DoE

200 mg Diffimod
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y, - Dissolution 15 min.
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Std. Dissolution Time

15 min. ()

Dissolution - Overview of Prediction Intervals
Both Bayesian predictions have smaller pred. intervals -

What is the meaning if a response like Dissolution 15 min'is selected to be in certain range?

e ~ / mg Sameinib shown / withheld

7 mg Sameinib Full Dok Frequentist —— / mg Sameinib Frac., prior 4 mg Sameinib
— 7 mg Sameinib Frac. DoE Frequentist =—=="7 mg Sameinib Frac., prior 200 mg Diffimod
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