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Background

@ Biomanufacturing methods produce biologicals.

> Vaccines, hormones, proteins, insulin, tissues, etc.
» Treatment of cancer, autoimmune diseases, strokes, blood diseases, etc.

@ Challenges with predictability and batch-to-batch variability.
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Project Overview

o Facility in Boxmeer.
@ R&D and manufacturing. e MSD

@ Four years of collaboration. Animal Health

Real-world implementation resulted in €50 million savings per year.
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https://www.youtube.com/watch?v=79B7OBuvRkY&feature=youtu.be

A Portfolio of Decision Support Tools

Bleed-feed Yield Optimization Rhythm Wheel

& || '@

Learning-by-Doing Digital Twin

Automated
Decision-Making

e e



A Portfolio of Decision Support Tools

Bleed-feed Yield Optimization Rhythm Wheel

& || '@

Learning-by-Doing Digital Twin

Automated
Decision-Making

e e



Fermentation Dynamics
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Business Case

Viable cells
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@ A setup is needed for each batch.

@ Setups are expensive.
@ Can take up to 25% of the total production costs.
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The Bleed-Feed Problem
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The Bleed-Feed Problem
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What are the Challenges?

@ Timing is important
> Bleed-feed works only in the exponential growth phase.
> Duration of the exponential growth phase is uncertain.
> The first implementation at MSD failed (in 2015).

@ Lack of accurate prediction models, issues with real-world data.

@ Regulatory requirements on the number of bleed—feeds.
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Markov Decision Processes

@ Decision Epochs: The fermentation process is monitored in each decision
epoch t, 7 ={t:0,1,...., T}

o State Space

» i€{0,1,...,1} is the cultivation age. Represents the time elapsed from a
bioreactor setup until a bleed-feed or harvest operation.

> W € [up, 1y] indicates the cell growth rate of a culture.

» n€{0,1,..., N} represents the total number of bleed-feed operations
performed since the bioreactor setup.

@ Actions: Continue the fermentation ¢, and bleed-feed b.
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Prediction Model for State Transitions

@ Developed prediction models for the biomass accumulation over time.
> Models from life sciences.
> Adjusted based on real-world data.
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The Objective Function

Let V/(i,u,n) be the expected biomass production to go at state (i,u,n).

H C(I.,‘,LJ'I) = liy +pi V(i+17”7n)a
Vv — u u
(Inu7n) max{ B(n) EE[C(O,M’n+1):|,

valid for all u, i </, and n < N, and
V(@i,u,N)=C(i,u,N)

for all i </ and . Note that V(/,u,n) =0 for all u and n, and V(A)=0.

The objective is to maximize the expected biomass production.

e VT



Implementation Results

Optimal policies easy to implement.

Implementation since July 2020. Bleed-Feed

85% higher yield per setup.
30% reduction in lead times.

The first successful implementation
in the industry.
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The Yield Optimization Tool

Yield

@ Same materials and recipe.
Why lower yield?

Line A

Line C
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The Yield Optimization Tool

Yield

@ Same materials and recipe
Why lower yield?

o New technology

@ No insights from literature

Line A

@ Large scale experiments
Line B Line C

Identify the best configuration with limited number of experiments
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Solution: An Optimal-Learning Model
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Critical Process Parameter Different batches over time
@ Developed an optimal-learning model with Bayesian design of experiments.
o Identified the best configuration in 8 industry-scale experiments.
@ Resulted in a 50% higher yield per batch.
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Smart Planning

@ Production planning challenges

> Unique antigens and recipes
> No-wait constraint

o Capacity planning challenges

» Shared resources
> Preferred allocation of antigens

Need for an automated framework for better planning and improved
predictability
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Digital Twin
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48 antigens with their unique routing on 25 pieces of

equipment and up to 8000 production steps
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Smart Planning

The Rhythm Wheel Tool

Outputs

Visualization

Optimal rhythms
Performance

assessment

One extra batch per line without investing on
additional capacity
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Implementation

@ Challenges with real-world data

> Most data stored in a paper format.

> Manually retrieved data from the memory of different equipment.
> Lab-scale experiments and test runs.

> Eight industry-scale experiments.

@ Actual use in daily operations at MSD: rhythm wheel (2017), yield
optimization (2018), bleed-feed (2020).
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Impact

97% higher output without any investments in capacity.

€50 million additional revenue each year.

The yield-optimization tool achieved a 50% higher yield per batch.

The bleed-feed tool has resulted in a 85% higher yield per batch.

The rhythm wheel tool allowed to produce one extra batch per line per week.

Reduction of CO, footprint with increased yield per batch.

Standardization of processes has led to variability reduction.
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Conclusions

Innovative aspects

@ One of the first examples showing how data-driven decision-making can
improve biomanufacturing efficiency.

@ Operations Research Improves Biomanufacturing Efficiency, forthcoming at
INFORMS Journal on Applied Analytics.

Q.
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Thank you!
Any questions?

t.g.martagan@tue.nl
bram.van.ravenstein@merck.com

We can make this world a better place

€9 MSD TU/e 533

4 2 TECHNOLOGY
Animal Health
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Inspiration

Implementation in other process lines in the Boxmeer facility.

International knowledge transfer (New Zealand and New Jersey).

@ MSD AH established a new data analytics and OR unit to encourage
data-driven decision making.

Initiatives for knowledge transfer to the human health industry.

The first project to implement bleed—feed in the industry.
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