Analyzing the strengths,
opportunities to the
weaknesses and threats
for Al implementation in
biopharmaceuticals
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“Al can be thought of as simulating the capacity for
abstract, creative, deductive thought - and particularly
the ability to learn - using the digital, binary logic of
computers.”

“Artificial Intelligence (Al) is no longer some bleeding
technology that is hyped by its proponents and mistrusted by
the mainstream. In the 21st century, Al is not necessarily

amazing. Rather, it is often routine. Evidence for the routine and F
dependable nature of Al technology is everywhere.” '

“Verification and Validation and Artificial Intelligence,” Tim Menzies, Portland State
University, Charles Pecheur, NASA Ames Research Center. July 2004.
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More than Just Multivariable Models...
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,f PHARMALINK Mechanistic vs. Probabilistic

o Physics and Engineering mechanics provides the right conditions for the
ideal or known scenario

o The new probability (Al models) defines the real conditions without the
physical and chemical basis

) i Statistical mechanics
Classic mechanics
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Understanding Al

o Training/Test data

o Problem’s dataset

o Algorithm

o Mathematical procedure that creates the Model from the training data

« Model

o Mathematical system that has been created from the exploration of a data set. It’s created
after an extensive learning process referred as training.

o Prediction
o Single inference over a model with an unseen sample

o Evaluation
o Score evaluation of the Test dataset
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{; HARMALINK Understanding Al: Data (the Secret Sauce)

Data must be prepared before to use it: DS invest the 80% of their time on it

7 steps to consider when preparing data

1. Articulate 2. Define 3. Qualify data 4. Source
problem data needed and min missing data
prediction
accuracy

Findable, Accessible, Interoperable, Reusable principle A

Vas Narasimhan, CEO of Novartis AG, in a 2018

"We’ve had to spend most of the

5. Format data 6. Reduce, 7. Rescale 8. Train Al time just cleaning the data sets
for consistency ey data before you can even run the
algorithm"
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https://www.forbes.com/sites/davidshaywitz/2019/01/16/novartis-ceo-who-wanted-to-bring-tech-into-pharma-now-explains-why-its-so-hard/#40665fe57fc4
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Manufacturing Science

The body of knowledge available for
a specific product and process,
including critical-to-quality product
attributes and process parameters,
process capability, manufacturing
and process controltechnologies
and quality systems mfrastructure.

Source: PhRMA Quality Technical Committee (2003)

P RMA |—|N|<J3iomanufacturing 4.0:product and process under control

PAT

(..) The applicant should demonstrate an
enhanced knowledge of product performance
over a range of material attributes,
manufacturing process options and process
parameters

(..) Real-time quality control,leading to a
reduction of end-product release testing

(..) Amonitoring program (e.g., fullproduct
testing at regular intervals) for verifying
multivariate prediction models

Source: ICH QS, step 4 (2009)
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) ) NEWS | 30 November 2020
Published: 05 April 2017 NEWS | 22 July 2019 30 November

Machine learning predicts the look of stem cells Al protein-folding algorithms solve ‘It will change everything':

Amy Maxmen structures faster than ever DeepMind’s Al makes gigantic leap
Nature (2017) | Cite this article Deep learning makes its mark on protein-structure prediction. ln SOIVIng prOteln StrlICtureS

610 Accesses \ 4 Citations \ 524 Altmetric \ Metrics Google’s deep-learning program for determining the 3D shapes of proteins stands to
Matthew Huts
2 ewtsor, transform biology, say scientists.

vy f
Website contains thousands of 3D stem cell images and could eventually help with better Ewen Callaway
v f

understanding diseases like cancer.

No two stem cells are identical, even if they are genetic clones. This stunning diversity is
revealed today in an enormous publicly available online catalogue of 3D stem cell images. The
visuals were produced using deep learning analyses and cell lines altered with the gene-
editing tool CRISPR. And soon the portal will allow researchers to predict variations in cell

layouts that may foreshadow cancer and other diseases.

Structural differences in the DNA (purple) and

cellular membrane (blue) of genetically identical Predicting protein structures from their sequences would aid drug design. Credit: Edward

it i # Kinsman/Science Photo Library
stem cells. Credit: Allen Institute for Cell Science / v A protein’s function is determined by its 3D shape. Credit: DeepMind
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https://www.nature.com/articles/nature.2017.21769
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https://www.nature.com/articles/d41586-019-01357-6
https://www.nature.com/articles/d41586-020-03348-4
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ij owrere ot Continued Process Verification (CPV)

Stage 1 Stage 2 Stage 3

Guidance for Industry Process Continued
Process Performance — Process Verification (CPV)
Process Validation: General Design Quialification S S
Principles and Practices (d{6)) tage 3a tage 38
Commercial Process design is 3a: Initial batches 3s: Ongoing
manufacturing evaluated; test- heightened routine
process is defined control strategy monitoring manufacturing
Based on knowledge Determine if capable
gained through of reproducible Ongoing assurance that the
development and commercial manufacturing process remains in a state of control
scale-up
U Deparment feath s s Srics @ CPV = f (Stagel, Stage2) + @ (unknown factors) J
Center Tor Bilogics Evalustion and Researeh (CBER)
Center for Veterinary Medicine (CVM)
Cumn ot it rces O . - Data acquisition, processing and analysis (lloT
Real time a /P & ysis (lloT)

- Process verification and control
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CPV of the Future

Goal: Create a digital twin to manage a biotech P@ RI PDA

Parenteral Drug Association

process working under GxP conditions =
\K]Z/
Development | ProductQuality | Biophar

Q: What does it mean, a digital twin?
Q: What kind of biotech process are we controlling?
Q: How to apply Al within regulatory frameworks?

PDA Interest Group "Process Validation" (EU)

Taskforce 1 | Synthetic data generation to support Al model training

Taskforce 2 | Automated biotech process control

Taskforce 3 | Regulatory considerations (QbD, Data governance, Al Procedures)
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Bioreactor Fermentation Process
— Optimise the hypoxic conditions for Pichia Pastoris yeast to maximize production
— Study the effect of specific growth rates (DoE) on yield & protein stability

[ oood | mvense | o0 | oood | mvemse | 0w |

Phase | (Batch) FBHPX2 FBHPX3
FBHPX5 I1 FBHPX4 1T
FBHPX6 FRHPXS FBHPX10 EBLbAS
FBHPX9 FBHPX11
Phase Il (Adaptation) FBHPX2 FBHPX3
FBHPXS !! FBHPX4 !
FBHPX6 FBHPX9 FBHPX7
FBHPX8 FBHPX10
FBHPX11
Phase Ill (Early Fed FBHPX2 FBHPX? FBHPX4 I! FBHPX3
Batch) FBHPX5 !! FBHPX10
FBHPX6 FBHPX11
FBHPXS
FBHPX9
Phase IV (Later Fed FBHPX5 !! FBHPX2 FBHPX7 FBHPX3
Batch) FBHPX6 FBHPX10 FBHPX4 !
FBHPX8 FBHPX11
FBHPX9
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Al-guided Process Monitoring

Phase 1: Batch

— Controlled process, no manual actions

— Anomalies due to equipment, material qualities or improper behaviour of biomass
— Multiple relevant factors can be monitored to detect underperforming batches

DIRECT/INDIRECT MEASUREMENTS CALCULATED PARAMETERS
(PRIMARY VARIABLES) (SECONDARY VARIABLES)
I Elcrjrlzlz Zfrlcvla:lrlzlctlgL _:________ I ﬂ"” I Q.. hOW Can We br’ng value frOm AI
| Siicose RPLC concent sion g RN in an automated process without
| Ethanaol HPLC concentration [g/fL) |—'“'--.—‘~;\—‘h| Oecn | . . . .
[ Micoburemenowrsmjmin) I | interacting with the unit?

O snayzer(moleriraction]
T snatyzer {motar ractior] =
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Air flow [L/min) ey

¥ :
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-
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2D t-SNE projection

2D UMAP projection
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Al-guided Process Monitoring

Phase 1: Batch

— Controlled process, no manual actions

— Anomalies due to equipment, material qualities or improper behaviour of biomass
— Multiple relevant factors can to be monitored to detect underperforming batches

Phase.performance Phase.performance

anomaly_score

Batc h. . - . - - hour
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Al-guided Process Control

Phase 2: Fed-Batch
— Final phase, hypoxic conditions.

— System requires constant manual control to keep the metabolic parameters within the desired

operating range by controlling the Agitation speed.

Time evolution of CPP/CQA/key parameters
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Bioreactor process control using Al recommendations
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Lessons Learned From Phase |

Important in an initial phase of the project
Include multidisciplinary team (quality, regulatory, data scientist, CPV expert)

DATA INTEGRITY

Using cloud-based storage with audit trail to retain the original state of raw data.
Manual data clean-up should be avoided, as well as insecure data handling and transfer (USB, email etc.).
It is better to have raw data available on the platform that handles the Al model life cycle.

Key enabler to efficiently design and run the DoE.

Design of DoE, factor selection & operating ranges were defined based on prior knowledge (20 years experience).
Check equipment responsible for critical measurements before running experiments (ex: In the case of hypoxic
fermentations, gas analysis system is crucial, so lab team re-calibrated 02 and CO2 analyzers in each
fermentation, checked inlet gas composition periodically, considered gas humidity, etc.)
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SWOT Analysis: Al for CPV

Capacity to deal with multivariate and complex reality
Capacity to deal with the dynamic nature of bioprocesses
Easy detection of anomalous batches in historical data plus
assess upcoming batches in real-time

Estimating optimal operating conditions for bioprocess unit,
including bioprocess efficiency and product quality

nﬁ' OPPORTUNITIES

CPV highly recommends bioprocess automation, use of PAT,
risk assessment, and a deep knowledge of the
biomanufacturing process quality attributes. Existing
methodologies can be complemented with Al.

Continued Improvement is always a “work-in-progress” task
since the Al model is continuously learning from the data that
is being fed.

High volumes of data needed to feed Al models

Predictions are sensitive to “bad quality” data, which leads to
rapid deterioration of performance or incorrect conclusions.
Data management and preparation is time-consuming

Impression that Al applications are a “black box”, while
regulatory requirements require transparency and regulators
need to understand how and why a result came about.

Al applications can produce valid conclusions that are
counter intuitive to those which individuals or even teams of
experts derive.

Deal with model changes over time in a regulatory point of
view (freeze the model vs multiple submissions)
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Control Automation For Optimal Data Governance

ADAPTIVE BIOREACTOR ==

Control Strategy o e

e PAT & lloT Technology reemegme
o Combination of edge & cloud ™"
o Fully automated data pipeline
o Coverage of full Al lifecycle

(train, productivise, monitor)
o Operate in near real-time

Air

Reactor tank

submerged aerator

Control Parameters

o Storage of 17 raw data variables
o Critical read-out: respiratory quotient (RQ)
o Critical control: agitator speed (AS)

- e e e e e e o

~. System monitor

Sensors probes
A

—— Sensor Probes ——

©@e@@@®

* Ethanol concentration

* Gas flow (Oz, CO3)

* Humidity, Temperature, pH
* Feeding material

------------- Edge Computing ---==-=======--_

Control Unit
SENSOR DATA Bioreactor
‘( - - Biostat B
(physical connection) Infors-HT EVE software

Al Model
—— beDataFeeder — predicﬁons‘

(APl REST)

e e e e T T T I,

Thermal jacket

Effluent

Cloud network firewall

------ Cloud Computing ------%-cccmcmononan

A1200N Platform

Al Solution Components

Aizon Custom driver €
DATA

Aizon Data flow logic

--------------------------------------------

Edge network firewall

— * Secure data upload

ZlE .

b User-controlled access

o S_ * Two-way communication
* Edge network security

17 Devices to store sensor data

10 Entities to store Al data
5 Agents to manage Al procedures
1 Al Model for real-time control

Al Predictions - o
Output -

* Raw data values
atch meta-data
oft sensor computation
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Control Automation For Optimal Data Governance

ADAPTIVE BIOREACTOR R EEEE R R Edge Computing ------=-------- \
Control Strategy Agltation System ' Sensor Probes Control Unit 1
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o Storage of 17 raw data variables SLZ0N Platform Al Predictons
« Critical read-out: respiratory quotient (RQ) .
o Critical control: agitator speed (AS)

Al Solution Components
17 Devices to store sensor data
10 Entities to store Al data

5 Agents to manage Al procedures r>%

* Raw data values
* Batch meta-data
* Soft sensor computation

1 Al Model for real-time control
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Control Automation For Optimal Data Governance
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Control Automation For Optimal Data Governance
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o Operate in near real-time
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Control Parameters

o Storage of 17 raw data variables
o Critical read-out: respiratory quotient (RQ)
o Critical control: agitator speed (AS)
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Abstract

According to the standard guidelines by the FDA, process validation in biopharma manufacturing
encompasses a lifecycle consisting of three stages: Process design (PD), Process qualification
(PQ), and Continued process verification (CPV). The validity and efficiency of the analytics methods
employed during the CPV require extensive knowledge of the process. However, for new
processes and new drugs, such knowledge is often not available from PPQV. In this work, the
suitability of methods based on machine learning/artificial intelligence (ML/AI) for the CPV applied

in bioprocess monitoring and cell physiological control of the yeast Pichia pastoris (Komagataella
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Generierung synthetischer Batch-
Daten durch kiinstliche

Intelligenz
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B ZUSAMMENFASSUNG

In diesem Beitrag wird ein flexibler Ansatz zur Erzeugung
synthetischer Batch-Daten, die sich aus multivariaten
Zeitreihen zusammensetzen, Vurgeste]lt. Einer der am meisten
tibersehenen Einflussfaktoren in Bezug auf Kiinstliche
Intelligenz (KI) ist eine umfassende und qualitativ hochwer-
tige Datenbasis. Oft steht diese nur limitiert zur Verfiigung.
Synthetisch erzeugte Daten kénnen diese Liicke schliefSen. Im
Gegensalz zu Dummy-Daten. erzeugt als Erganzung zu real
gemessenen Daten, bieten i silico erstellte synthetische Daten
ein hohes Maf$ an Realismus. Gemaf8 der Definition handelt
es sich bei Dummy-Daten um Ersatzdaten (Musterdaten), die
nach dem Zufallsprinzip erzeugt werden. Hierbei werden
keine Merkmale des zugrunde liegenden Prozesses und der
gemessenen realen Daten beriicksichtigt. Der entwickelte KI-
Algorithmus ist in der Lage, sowohl realititsnahe Daten-
batches als auch Datenbatches mit einer kontrollierten
Streuung der Daten zu generieren, dies erweitert das Feld der
moglichen Anwendungsfille. Die synthetisch erzeugten Da-
tenkurven unterscheiden sich wie geplant innerhalb des
Raums, der durch den realen Datensatz aufgespannt wird,
zufallsbedingt voneinander. Das Erzielen qualitativ hochwer-
tiger synthetischer Datensitze unter Bereitstellung limitierter
realer Datensitze ist ein starker Tiirdffner fiir KI-basierte
Algorithmen. Synthetisch generierte Daten tragen wesentlich
dazu bei, den Einsatz von KI in der pharmazeutischen
Herstellung zu verankern und zu beschleunigen., indem sie als
datenschutzsicherer Ersatz fiir reale Daten dienen. Synthe-
tische Daten unterliegen nicht den Datenschutzbestimmun-
gen und tiberwinden das Risiko der Re-Identifizierung.

B ABSTRACT

Generation of synthetic batch data through artificial
intelligence

In this paper, a flexible approach to generating synthetic data
batches, comprised of multivariate time-series synthetic
datasets, is presented. One of the most overlooked influential
factors of modern Artificial Intelligence (AI) approaches is an
ample and high-quality database. Quite often, ample, and
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only available to a
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like dummy data, ¢ Synthetische Batches
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unprecedented le-

vels of realism. As

per definition, dummy data is mock data generated at random
as a substitute for real data in testing environments. In
contrast to the simple generation of random substitute data,
this effort presents the creation of synthetic data for in-silico
generation of additional batches, considering the character-
isties of the underlying process and measured real data. Both
aspects for synthetic data generation, quality, and quantity of
data, are lined out and verified. Inherent to the synthetic data
is its ability to not only generate realistic synthetic batch data
but also to generate batches with a controlled spread in data
if required, broadening the field of potential use cases. As
planned, the synthetically generated data curves differ from
each other randomly within the space spanned by the real
data set. Achieving high-quality synthetic datasets while
providing limited real-world datasets is a strong door opener
for Al-based algorithms. Synthetically generated data sig-
nificantly contributes to rooting and accelerating the use of AI
in pharma by working as a privacy-secure drop-in replace-
ment for real data. Synthetic data is exempt from privacy
regulations and overcomes data re-identification risks.

Einleitung

Der Ansatz zur Entwicklung von Arzneimitteln und ihr
jeweiliger Herstellungsprozess variieren von Produkt zu
Produkt und von Unternehmen zu Unternehmen. wobei
entweder ein empirischer Ansatz oder ein systema-
tischerer Ansatz — als Quality by Design (QbD) bezeich-
net — oder eine Kombination aus beiden verfolgt wird,

Pharm. Ind. 84, Nr. 2, 264-270 (2022)
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Conclusions and Next Steps

1.

methods, based on machine learning & Al, can be a
valuable tool for both and of biopharma manufacturing
bioprocesses to help improve its efficiency and to assure product quality.

Initial phases of the project focused mostly on overcoming technological
challenges related to , and

. The next steps will focus on improvements to system
validation and reproducibility of data & Al models, following GMP standards.

Regulatory considerations require us to redefine the conditions in which we can
develop and industrialise Al for manufacturing. This is especially relevant for
data integrity, )
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Summary of case studies
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