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Monoclonal Antibodies

217 billion $

Global market valuet

53.3 %

of biopharmaceutical approvals

Treatment of life-threatening conditions

Autoimmune

Infectious diseases Cancers

disorders

D hutps:/iresearch.diiunipd.it/capelab 2 + Walsh and Walsh, 2022. Nat. Biotechnol., 40, 1722-1760
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mADbs development

Long timelinest

10 years

Steps of process development

/';/Cell line

selection

» Find best performing clone
» Multiscale procedure

https://research.dii.unipd.it/capelab

Large costs

2 billion $

Process

N S —

» ldentify best feeding schedule
» Maximize productivity &
quality

T Rameez et al, 2014. Biotech. Prog., 30, 718 727 CAPE
1 Li etal., 2010. mAbs, 2, 466-479
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Challenges in Biopharma

@ Long and expensive experiments
Large experimental variability due to biological difference among clones and batches

E% Labor-intensive experimental procedure

Requires expert skills for the analysis and execution of experiments

—_

Development of Al-driven methodologies to support
mADbs development
\_ y,
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Challenges in Biopharma

(- )

Development of Al-driven methodologies to support
mADbs development

. J
v '

Accelerate cell line selection Optimize feeding schedule
What standard Can biological Are hybrid models and  Can hybrid models and
culture behavior is?  information improve Design of Dynamic Reinforcement

cell line selection? Experiments effective? Learning reduce

required experiments?

https://research.dii.unipd.it/capelab 5 CAPE
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What standard culture behavior is?
AMBRI5®

Time trajectories

» High throughput bioreactor
» 48 parallel 15mL stirred tanks
» Automated sampling, feeding and control

» 10 variables (titer, VCC, pH, nutrients, ...)

[ Understand the acceptable variability of batches and automate the analysis of AMBRI5 time trajectories ]

Dynamic confidence limit

1’160 historical batches Multiway PCAT & assumption- 1 g
: itoring* | g
» several therapeutic mAbs free monitoring Soa Al o
duce data dimensionalit » AR AT L gl Rt R
» |15-days cultivation » reduce da 4 T
» comparable feeding and » understand correlations g1 It : Wb i
. . . 21 ¥
conditions » build dynamic confidence NS
limits o

PC1 (RZ=40.13%)
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Automate batch analysis

» Understand standard behavior of cells

Considering multivariate nature of data

» ldentify anomalies in culture behavior and diagnose the causes

relative distance

lactate_mg_per_|
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= m—— —— | Comparison with expert inspection
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° 5 £ s glezg zlE s Save expensive labor time & reduce
s 2 g E & =2 > © . .
5 8 5 5 & effort of expert scientists
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Can biological information improve cell selection?

AMBRIS5 LC-MS

|

U

b
il |

AR

10

PLS-DATt & variable
selectiont

|
v v

» Accurate identification of
promising clones after 5
culture day

=

e N ( ) :
HIGH LOW » Understanding of
PRODUCTIVITY | | PRODUCTIVITY s
productivity biomarkers at
///I \’\,\I different culture stages
\_ /0 J

More confident cell selection based

on biological cell characteristics
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Metabolites
spectrum
over

time

—

» Amino acids
» Sugars
» Organic acids

» Nucleotides

100

Alanine, aspartate and glutamate metabolism
Amino sugar and nucleotide sugar metabolism
Ascorbate and aldarate metabolism

Citrate cycle (TCA cycle)

Fructose and mannose metabolism

Galactose metabolism

Glycerolipid metabolism

Glycine, serine and threonine metabolism
Glyoxylate and dicarboxylate metabolism
Neomycin, kanamycin and gentamicin biosynthesis
Oxidative phosphorylation

Pantothenate and CoA biosynthesis

Pentose and glucuronate interconversions
Purine metabolism

Pyrimidine metabolism

Riboflavin metabolism

Starch and sucrose metabolism

Thiamine metabolism

Tryptophan metabolism

beta-Alanine metabolism

VIP,
1.6
15
u 1.4
I 1.2
1.1
1.0

1234567

time instants

T Barker & Rayens, 2003. J. Chemom., 17, 166—173
1 Fernandez Pierna et al., 2009. Anal. Chim. Acta, 642, 89-93
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Hybrid models of cell cultures

» Process knowledge and physical constraints

» Biological interpretability
» Temporal consistency

» Better extrapolation

Experimental data

https://research.dii.unipd.it/capelab

Data-driven @

» Captures complex and unknown biological

behaviors

» Learning from

data

» Flexibility for different platforms

» Accurate predictions

-

Neural Network

=P Uy =P

Production &
~/  consumption rates

dx

dt

fQx,u, uny)

—

(Hybrid ModelD

In-silico
== process
simulations

T von Stosch M. et al,, 2014. Comput. Chem. Eng., 60, 86-101 CAPE
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Are hybrid models and DoDE effective?

Experimental planning

»

» Design of Dynamic
Experimentst

» Control the shape of
the nutrient profile

—_ nut
Znut(T) =x; Py+
xTEp, + xJUEP,

Simulated experiments

® | Hybrid model training Optimization

» Through a mechanistic
model+

» Know the exact
optimum

» Hybrid model achieves the highest optimal
mADbs titer w.r.t. state-of-the-art techniques

Real opt.

Hybrid 9
RSM 9
RSM 31

32288
3222.8
3136.3
31182
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Hybrid model is effectively
used to optimize the

» Trained on 9 batches » Genetic algorithm
exploiting the hybrid
model

» Simulated optimal

experiment

P ——— —

B pro;:ess
B RsMB

[ hybrid model

» The identified nutrient
profile is very similar
to the optimal one

feeding schedule ® - = = = v
subfactor
10 + Georgakis, 2013. Ind. & Eng. Chem. Res., 52, 12369-12382  CAPE
I Kontoravdi et al,, 2010. Comp. & Chem. Eng., 34, 1192-1198.
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Can hybrid models reduce experiment requirements?

Simulated experiments

» »

Hybrid model training

» Through a mechanistic

modelt

» Trained on 10 batches

» Randomly generated

manual feeding

» Identifies new optimal nutrient patterns
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Reinforcement

Learning
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Action
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»
»

A
State

Hybrid Model

Culture variables

~

Reward
» High mAbs titer
» Low byproducts

» Physical consistency

Reduced experiment requirements

to optimize the process

T Kontoravdi et al,, 2010. Comp. & Chem. Eng., 34, 1192-1198.
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Conclusions

2 &) I

Lower the experimental Improved selection of Less experiments for
effort for scientists performing clones process optimization
Al allows to automate labor- Al and biological data support the a Hybrid models are effective tools to
intensive work effectively more informed selection of optimize the feeding schedule
accelerating development timelines clones with desired behavior while limiting required

experiments
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