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€ CMaT Grand Challenges in Cell Manufacturing

* Lack of Reproducibility, Standards, and Quality-by-Design (QbD)

* What Quality Attributes Make a Cell Safe and Effective > What to Measure?

* Which cells are “good” in the midst of heterogeneity and which are “bad”?

* How to Measure Critical Quality Attributes (CQAs), In-line, During Manufacturing?

* How to Grow Billions of Safe and Potent Cells from a Patient/donor?

* How to “Predict” Safety and Potency for Specific Indications and Patients?

* How to Purify, Store, Freeze, Package, and Transport Cells WITHOUT Compromising Quality?
* End-to-end Manufacturing at Low Cost and High Quality?

 Lack of Trained Cell Manufacturing Workforce

Adopted from “Achieving Large-scale, Cost-effective, Reproducible Manufacturing of Therapeutic Cells:
A Technology Roadmap to 2025” — The NIST/AMTech National Cell Manufacturing Roadmap
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CMaT’s Vision

ed therapeutics into a
d high-quality
nd clinical use.

To transform the m
large-scale, lower-cost,
engineered process for broa

To become a visionary and strategic international resource and
an exemplar for developing new knowledge, innovative
technologies, diverse workforce and enabling standards for
cell-production and characterization processes.



€ CMaT Bringing All Stakeholders On-deck

Biomedical and
Chemical Engineers

Informatics, Big Data
and Computer Scientists

Electrical and
Mechanical Engineers

Clinicians and
Cell Biologists

Manufacturing and
Industrial Engineers

Enable Industry and
Practitioners to Achieve
Large-scale, Reproducible
Manufacturing of High
Quality Cells at a Lower Cost

Regulatory
Organizations

N

Standards
Organizations

Healthcare Delivery,
Health Policy, and IT
7
Patient
Advocates

Workforce

Insurance,
'L\ Experts Industry Reimbursement
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- CMaT CMaT is Strategically Positioned to Address the
Challenges Faced by the Emerging Cell Manufacturing Industry
&
=N\
Quality Cost Speed
e Multivariate CQAs maximize * Lower failure risk and * Develop faster and more ¢ Ideal supply-chain and
efficacy and safety supply-chain risk efficient bioprocesses logistics model
* Multivariate CPPs improve * Reduced need for * Lower failure rate * “What if” models allow
process control and scale-up through faster response to issues
- R : * Faster batch release
reproducibility maximizing quality . .
. . . * Nimble operation and
. N * Direct input from industry 1 .
* Real-time monitoring and * Lower cost through . adaptability to changing
- ) - . and faster translation to . :
predictive analytics maximizing safety ) . science and industry
industry and clinic q
* Physiologically relevant * Readily available highly needs
X ’ : . * Readily available, highly . .
personalized assays (human) trained, and diverse : : * Inclusive Innovation
trained, and diverse
. workforce ecosystem of all
e Standards, best practices workforce
stakeholders

* Quality-by-Design (QbD) and * Automation

Flexible Automation



Dynamic Sampling Platform
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How do we measure & predict quality?
Engineer reproducible, predictive measurement & assay technologies that enable batch &
continuous monitoring of cell state & product

* non-destructive, in-line, closed system analysis using real-time sampling, reporters/
sensors & imaging tools as process analytical technologies

* “potency-on-a-chip” 3D disease & organoid models
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Systems Products & Outcomes:
' « Transformative innovations in
C M d T Engineered Manufacturing Systems (Test-Beds) cell manufacturing technologses —

MSCs forimmune . . * Inclusive workforce '
modulation and T cells for cancer IPSC-cardiomyocytes « Industry standards / Industry Clmlclans
musculoskeletal immunotherapy for cardiac regeneration Requirements | { Patients, NIST, FDA -

[ applications applications applications } . & Reimbursement
Barriers

* Integrated, closed manufacturing systemwith real time analytics « Predictive systems analysis

+ Predictable safety and eficacy

of CQA and CPP for scale-up or scale-out manufacturing of therapeutic cells « Lackof quality-driven manufacturing
« Education, outreach, inclusivity, = Social and regulatory policy, * Regulatory pathway, and standards
and workforce development healthcare economics = Large:scale, low cost manukackung

+ Trained workforce

TECHNOLOGY INTEGRATION

Enabling Technologies

Engineered Manufacturing Systems (Test-Beds) Deliverables:

MSCs from bone Thesanetiic T calls iPSC-derived New tools and technologies
marrow and cord tissue e cardiomyocytes

Technology
Building Blocks

The Three
Plane Chart

Barriers
Lack of rapid, physiologically relevant
potency/safety assays
Lack of real time monitoring of CQAs and
CPPs during manufacturing
Difficult scale-up/out, supply chain/logistics

System Requirements

+ Big data analytics tools for
predicting cell function
» Multi-omics platform integration

* Process modeling and

supply chain simulations

* Engineering biomaterials
and bioreactors

» Diseaseftissue-on-a-chip

» Biosensors, imaging,
in-line monitoring

TECHNOLOGY BASE

g % " Fundamental Knowledge Deliverables:

§ § ';.; New scientific knowledge

§ L% = /'« New systems-driven mult- « Minima models of || * Effects of materials and Barriers

@ omics pipeline for cell dssue/di bioreactors on cell quality Lack of Critical Quality Attributes (CQA)
§ characterization ORI, . and Critical Process Parameters (CPP)
| o *In vitrovs. in vivo » Process/supply-chain and Poor understanding of in vitro/in vivo
() = Multi-variate discriminators of safetylpotency EOQISUCB requiren'erts for correlation of cell propemeslfuncﬂon

cell quality (potency and safety) Lack of understanding of (a) scaling

effects on cell quality, (b) supply chain

living cells and reagents
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Project 1, Thrust 1, TB = T Cells Project 1, Thrust 3, TB = T Cell / iPSC Project 2, Thrust 3, TB = All Project 3, Thrust 3, TB = MSC

(Edison, Roy, Fernandez, Saha, (Ashton, Kam, Levine, Brockbank) (Wang, White, Levine, = ‘ _ (Temenoff, Domenech, Murphy,
Variability assessment and omics E][fy 0[t>rer.:,(=érvitlon S - gsve:O%T]z?r: ca)\];]zkl)?vri:ess Effects of Culture Substrate
characterization of CAR-T cells ecton te . PPl ; Parameters on MSC -
through an integrative computational Isolates and fe Modeling Algorithms, Secretome
ineline Manufactured "o Methods, and Tools for
PP Therapeutic - Reagents, Materials, and
e e s Phenotypes ’ Cell Products Project 5, Thrust 2,
~ “‘ anw! v ¥ TB=MSCand T Cells
, e ImoToas e ] 0Ong, Guldberg, Roy,
& 9 . . i Cryopreservation, | Downstream (
. Cross-cutting Engineered System i Sgnfge release E Processing Temenoff)
Closed-loop cell manufacturing platform with integrated, real-time { transportation, | [ Upstream magnetoelastlfc el
: ! ; 1 - _ Microcarriers for Real-
Project 2, Thrust 1, TB = MSC analytics, potency measurement, and feedback process control e Eggv_f{y_____. Processing fime Tracking of Cell
(Stice, Kemp, Platt, Edison, —————— q H Loading
Fernandez) ! o
_ s " Initial culture Cell i Harvesting, i Release
Exosome protein and cell | RSONICEICELS: transduction, Cell expansion jght  pooling, i , -
i iti materials for A Formulation testing,
surface signature: a critical ' e gene- and/or separation | - delive il
'y and reagents P ! modification, differentiation [~ 7 1 and 1 and filling Iy
i and selection genome editing : ich ! and
| i Snne ULy administration
i A L AN 'YW L“ﬂ"x"“—l 7y
. i : TA i Project 4, Thrust 2, TB =
| i i ———— s .o e S ——— : T cells, All
; i ! < 1 (Sulchek, Zhang,
| Project 1, Thrust 2, TB = T Cells E’Fméect 2, Lhrutst (23 TI 5b= AI)I Project; e e s ! E'taff:‘man) e
; TR ; edorov, Resto, Guldberg CL S, 1B = _ _ ) evelopment of real-
Project 3, Thrust 1, TB A!I (Saha, Roy, Karumbiah, . . (Garcia, Lam, Mortensen) Joint Project, Thrust 2 and 3, TB = iPSC-CM fime microfiuidic and
(Kemp, Fernandez, McDevitt, ~ Torres-logo) Dynamic Sampling Platform . . (Palecek, Domenech, Kamp, Kane. McDevitt, flexible electron
Palecek, Mortensen) Predictive CAR-T Potency assay (DSP) for Cell State Tissue-on-a-Chip Platform Torres-Lugo, De la Fuente) bieose :Sg rescfocr) cS
Integration of imaging for solid tumors using tumor-on- Analysis and Bioreactor Eét?r?cs;mhymal Stem Cell Improving the Quality of iPSC-derived monitoring cell and
modalities with omics a-chip models Monitoring Cardiomyocytes by Providing Intercellular culture attributes during
characterization Gelatin/HA hydrogel ‘I_JY‘r.].a:mic Sampling Platform (DSP) ) Cues during Scalable Manufacturing manufacturing
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Degradable Microscaffold (DMS) Microcarrier Cultures

<q
CMal Can Expand More Central Memory & LN Homing T cells

Ability to vary ligand density Uniform Coating (FITC-Biotin) High Density Culture CAR Transduction Efficacy is Similar
& ey - - R 40% - =
E 7500
E Z .
Z R 30% - .
2 . W ‘e
_§ 5000 (f:'rler 2=°_> Method
é % - Rﬁ:; ’: 20% - © bead
§ 2500 EE ® carrier
3 o
& 10%-
g o,
’ 0 10000 20000 30000 0% - @
sulfo-NHS-biotin conc. per g carriers (mM/g) g o
Multiplicity of Infection
Representative % of CD62L+CCR7+ Central Memory T cells CCL21 chemotaxis assay: More potentially LN homing T cells
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& CMaT T cell Characterization Project Aims

Development of a workflow to enable multi-omics characterization
and unbiased modeling of the end-product and
early, predictive-signatures of quality during manufacturing

= NMR&MS | | |
i . Metabolomics
: ..I |
s ,..('J‘Jl' 'R
o ® el
L ':: o7 £
h®@® .
° e

Cell Seeding on Add Add Add Count Memory
Microcarriers media media media Cells

Understanding variance

Establishing CQAs & CPPs that
are predictive of potency,
safety and consistency




& CMaT Key achievements

Phase 1: Experimental Process Parameters Optimization b A '
H Design of Experiment (DOE) e 7 Data Challenges
18-ruifis Predictive & ioh lexi
Optimization Modeling High complexity —
Process Parameters: W(RESPONS“: ) Sequential DOE . | Antibody Surface Density Heterogeneous —
IL2 Concentration Viability Symbolic . (ADOE) h -
DMS Concentration CD4/CD8 naive- Regression 20-runs ‘ ©ww @ DOE Unknown behavior
Antibody Surface Density | memory AR Volume of data
Data Modeler
20 DMS Concentration
Phase 2: Multi-Omics Integrative Approach for Early Predictive Signatures IL2 Concentration 45 i .
& e J . ~ Modeling Challenges
. Two Sequential Experiments Apriori mOdEl St ru Ctu re
Slpetiaaat (linear vs non-linear)

= IL2 Concentration

+ DMS Concentration /F_\
- Antibody Surface Density w/ Machine Learning Consensus Standalone vs
Tree-b d . .
~————«’St“ Tpin ooy interactive effects
ecretome Process Outputs i o g
Media Monitoring || Profies Peraneters e Symbolic | Random Forest | Linear Models Prediction performance
inp (s || S Total live CD4 | Regressi F’asft'ﬂ Least
Day 4, 6, 8, 11, Feature naive-memory cells - quares fpgc
wnd 14 | F———] |selectio ISecrelornes| Total live.CDB Diita Modater Boc?srtae':llel‘r:ees vs overfittin g
Metabolles S Lasso Interpretabilit
e | NMR | n’;::::’_gg:;‘r’ﬁ'zﬁ’s Conditional y
Media Monitoring cEEeme—y Inference Forest CO m p u tat iona I
Outputs < |End Product \_’//
Day 14 Responses .
v | infrastructure
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Modeling Options Are Determined By
What’s Known & What’s Unknown

Model Structure

=% | M= 31“5 )i Known Unknown
,..»59/ ] D

e LO“I _J._,‘., x i Non-Linear ?22?
Non Linear Neural Networks

Known Linear Regression SVM
- Regression Parameter Random Forests

DI'IVIrIg Estimation Symbolic Regression
Variables
Unknown Symbolic Regression
E OL_VE')
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Operators

|‘“

Evolution handles Symbolic Regression model development

* Evolutionary computation automatically generates novelty from available data

Solutions are found by simulating natural evolution & selection

Rather then biological species being created, mathematical expressions are created

Novelty is generated by the competition for high fitness of the mathematical expressions
during the simulated evolution.

Explicit algebraic, interpretable models are generated.

e Symbolic regression is an augmented intelligence hypothesis generator and optimizer.

EVOLVED
10/23/2020 AN ALYTI C S 13



torque-Wk20 — 893 of 21622 unique models selected “ Th e Pareto Front

« Pareto front solutions are
Each point is an explicit model the best “bang-for-the-
buck”

* I|dentifies trade-off
between competing
== objectives of accuracy
vs. complexity

0.68- —252___ (5,52 x107%) bMD-Wk:1 defect:Wkzo +(1.74 x10-7) L1
defect-Wikyz

Compiexmy

Models at the “knee”of the Pareto front provide * Unwarranted complexity
best balance of complexity and accuracy is punished automatically

» Select models with

Select models with optimal optimal performance and
performance & complexity low C omplexity

EVOLVEDRS
10/23/2020 A N A LYTI C S 14



You can learn a

qC1 — 639 of 7537 unique models selected

lot from a model set ...

Modeling Potential

08} Although many models
have been developed,
we are interested in

those near the knee of

0B the Pareto front.

N
N

0.0+
L

Complexity vs Accuracy Trade-off

Number of Variables Required

Variable Presence

e Variable Combinations

e Variable & Combination Distributions

Complexity

I
700

e Metavariables

E
10/23/2020 A

OLVEDRS’
NALYTiCS
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Big Data vs. Big Insight

e Data sizes byproduct — 582 of 1541 unique models selected
* 2-10,000 variables o ach de | ' B
* 10-1,000,000 records 06} “different A : .
* Automated hypothesis generation & refinement o5k | ]
* Develop explicit algebraic models : Contenders ]
% 04— - balance accuracy vs. —
* Reward simplicity & accuracy x : complexity
03} ]
* Focus on the good and simple models ]
Red models 1
* Many models are contenders 2= ' define the 1
. — . Pareto front. ]
* Exploit contenders for insight & guidance o1} ]
* |terate towards final model set 5 -374.02 + %»,(1.37 x10"7}rate weight + 5::;;“#1.51 tempa
* Focus on most impactful/useful variables g s 20 200 s w0

Complexity

* Implement trustable model from final good &

simple models We have to let the data determine the

proper tradeoff of complexity vs. accuracy

EVOLVE)S
10/23/2020 A N A LYTl C S 16



Ensembles are Trustable Models

cr7POD
 Ensemble Creation Complexity 1_Rz2 Function
1 15 0.197 0.61 + 1.08 preCr?
e Start with interesting models 2 22 0.159 0.24 + 0.16 (7.48 + male) preCr
3 22 0.166 0.40 — 0.27 (-3.55 — male) preCr
* reasonable accuracy & complexity il = |loas 0.32 + 1.29 preCr 4 1808male _ 1878
: rvolume rweight

» desirable variables and variable combinations 5 35 0141 0.22+0.12male+1.26preCr + 2225 — 42"

and dimensionality 5.63x 102 +(2.04x10) bw + 0.12 male +

6 50 0.138 _
1.21 preCr — (4.44x 107*) rvolume + Qg nwalght

rvolume

* Automatically chosen to maximize diversity of
error residuals

ParetoFront Context Plot
T T

¢ Ensembles Poe ' ' ‘
0.19 F } 3
* Agree where constrained by data o8} E
§ 0.17 - -
» Diverge when exposed to novel parameter . .
conditions i T ]
0.15 ~ . ‘ 3
* Guide decision making R H |
0.14 .:- 1 k < ° -
* Enable active learning & design of experiments 013 F— JRE2SREZmale 126 prelri =S —— F/
.
20 40 60 80 100 120

Complexity

E
10/23/2020 A N A LYTH C S
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4 . 51 data points of a ball trajectory. i
st ., 1st 25 for model development & .
o remaining for testing.
2 4 6 8 30 -
20
10
0
-10
Pareto Front Log Plot — 744 unique models
T T T
-20
1072 2]
% 1077
10~ 15 seconds of
model search
10718 B EmEmi——— s s s W
50 100 150
Complexity

Ensemble in
Extrapolation

height [ ref = 12.47]

Pareto Front Context LogPlot — 18 of 171 unique models selected
T i T T

i

Ensemble models agree
where constrained by
data but diverge when
asked to extrapolate

Trimmed mean does a good
job of gracefully failing

T T

5 _ B5.66 ! .
10 o310t ’

3.6

Select diverse models from the
accurate and simple contenders

T

Pareto Front Context LogPlot — 171 of 7

'44 unique models selected

107

EVOLVE)
ANALYTICS
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10
¥
107"

10—15

L
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T

Focus on knee of Pareto front
— accurate & simple models

Complexity
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achine Learning

P " "

Comparisons

: of Sy gression with | Modeling T iques on Ball Traj VE
LinearRegression NeuralNetwork NearestNeighbors
15 15} 15}
-e,
%
10 .,
.
5 .
.
. - - .
2 4 6 8 10 2 4 8 8 10
RandomForest
15

DecisionTree
15
.,
l.. o2
10 T -
g v
o .
. .
: = .
5 . .

. .
— .
. .
jr— .
2 & & 8 1

10/23/2020
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height [ ref = 12.50]

N/

If we add some samples at the point
of maximum divergence, we lock
down the model behavior. Essentially,
we have used Active DOE to drive
uncertainty out of the model!

Note we still have model divergence
away from the sampled data paints.

e Extrapolation can happen within the
nominal data range

* Trustable models are especially important
with multivariate models

12b ettt
.,
10
8
6
4t
ol Here we sample the extremes
but ignore the interior region .
2 4 6 8 10
height [ ref = 12.50]
60
40
20
Modeling gives us an ensemble that recognizes that we
20| should tread carefully even though it is inside the i
nominal data range — and the prediction fails gracefully |
-40

¢ Trustable models are the foundation of
Active DOE — targeting the next

experiment to be the most informative

10/23/2020

EVOLVEDRS
ANALYTICS
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& CMaT

“Design of Experiments (DOE) identified
optimum conditions for maximizing
memory T cells.”

Total.live.cd4.memory.cells

= 4M
— NSF 2020 Report g »

@

2‘_3 2M
5 1200 ™M
$ 1000

‘;g 5\000 ] ® ADOE
® DOE

i’t‘

O%ﬁa
.

| Duplicate Experiment ABS_Density DMS_conc. IL2 Conc.
1 ADOE 2000 3500 40

2 DOE
Duplicate
I | DN R T | W T D 1 D T T [ [ 1 [ T I Experiment 800 500 10
[ BT N BN | BN B A8 S_Densi
I
Total live CD4+ TN and TCM cells !
]
Total live CD8+ TN and TCM cells
= A
I I | Ratio of CD4+ and CD8+ TN and TCM cells I
2

Center for Cell Manufacturing Technologies
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ratioohCO4-CDB MemonyCells
e o
2 ]

Significant

activator-conc

abs-surface- densty

Achievements

°
8
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020
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totaH e oot -memary~cels totabiivercdtomemcry-cells
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1w 3s=10P

tolakivercdtememany-cols

total-livescdd-memory-cells =s Total Live CD4 Memory Cells (18) PP VCI21 [ ref = 4294787.60 ]

) e 30 00 1000 1500 2000 2501
activatorconc
ratio+of+CD4+to+*CD8*Memory-Cells => Ratio of CD4 to CD8 Memory Cells PP (DOE-1

8) VCH1 [ref=0.34)

00 1000 1200 1400 1600
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& CMaT Key achievements

Phase 1: Experimental Process Parameters Optimization b A '
H Design of Experiment (DOE) e 7 Data Challenges
18-ruifis Predictive & ioh lexi
Optimization Modeling High complexity —
Process Parameters: W(RESPONS“: ) Sequential DOE . | Antibody Surface Density Heterogeneous —
IL2 Concentration Viability Symbolic . (ADOE) h -
DMS Concentration CD4/CD8 naive- Regression 20-runs ‘ ©ww @ DOE Unknown behavior
Antibody Surface Density | memory AR Volume of data
Data Modeler
20 DMS Concentration
Phase 2: Multi-Omics Integrative Approach for Early Predictive Signatures IL2 Concentration 45 i .
& e J . ~ Modeling Challenges
. Two Sequential Experiments Apriori mOdEl St ru Ctu re
Slpetiaaat (linear vs non-linear)

= IL2 Concentration

+ DMS Concentration /F_\
- Antibody Surface Density w/ Machine Learning Consensus Standalone vs
Tree-b d . .
~————«’St“ Tpin ooy interactive effects
ecretome Process Outputs i o g
Media Monitoring || Profies Peraneters e Symbolic | Random Forest | Linear Models Prediction performance
inp (s || S Total live CD4 | Regressi F’asft'ﬂ Least
Day 4, 6, 8, 11, Feature naive-memory cells - quares fpgc
wnd 14 | F———] |selectio ISecrelornes| Total live.CDB Diita Modater Boc?srtae':llel‘r:ees vs overfittin g
Metabolles S Lasso Interpretabilit
e | NMR | n’;::::’_gg:;‘r’ﬁ'zﬁ’s Conditional y
Media Monitoring cEEeme—y Inference Forest CO m p u tat iona I
Outputs < |End Product \_’//
Day 14 Responses .
v | infrastructure
22
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<q CMaT

Predictive Performance

* Machine Learning Comparison
e Conditional Inference Forest
 Random Forest
* Gradient Boosted Trees
e Symbolic Regression

Center for Cell Manufacturing Technologies

Single and Multi-omics Analysis - R? Prediction Performance

Endpoint Responses CIF | RF | GBT | SR | Lasso | PLSR
Total live CD4+ Tnand | 84% | 81% | 96% | 99% | - 91% |
Tem cells
3 0, 0, 0, 0, 0,
Multi-Omics 2:1 21\1:: CD8+Twand | 47% | 39% | 86% | 93% | 80% | 61%
Ratio CD4+/CD8+ Tx 75% | 77% | 88% | 98% | 90% | 82%
and TcwM cells
Single-Omics | Total live CD4+ Txand | 79% | 76% | 93% | 99% | - -
(Process Tcwm cells
Parameters & Total live CD8+ T~ and 47% | 36% | 73% | 89% - -
NMR features 4) | Tem cells
Ratio CD4+/CD8+ Tn 76% | 74% | 85% | 06% | - -
and Tew cells
Total live CD4+ Tnand | 64% | 55% | 90% | 91% | - -
Single-Omics | Tcwm cells
(Process Total live CD8+ Tnand | 43% | 37% | 83% | 86%) - -
Parameters & Tem cells
NMR Day 6) | Ratio CD4+/CD8+ T 40% | 84% | 69% | 96% | - -
and TcwM cells
Single-Omics iotal live CD4+ Tnand | 84% | 91% | 93% | 96% | - -
(Process M ce}ls
Total live CD8+ Tnand | 44% | 74% | 87% | 92% | - -
Parameters &
Cytokines Day 6) Toar cells
Ratio CD4+/CD8+ Tn 76% | 66% | 88% | 96% | - -

and Tcwm cells
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& CMaT Significant Achievements

* “Machine learning was performed to correlate and
identify critical process parameters and early
secretomic and metabolomics-features that are

a | Ethanol 1.1785

[ d [ d [ d ,’
predictive of product quality.” — NSF 2020 Report
é‘_ Total Live CD4 N C Memory Ci
E ‘.7‘ 4000000
g B 3000000
s 2000000
= 1000000
Color Key z
= 2 - Total Live CD4 Naive-Memory Cells Total Live CD8 Naive-Memory Cells Process Parameters
Row Z-Score = Low Low Low T
= High = High = High - Day
Total live.cdd.memory.cells [N b |
Total.live.cd8.memory.cells B |
Antibody_Surface_Density [ -
DB Cang h Eiimle=] N E Em eI e
IL2_conc [ ] N
IP_1b..6
I 6 3 A
E 1P gamma. 0 =3 ”~
M SO S :
| 9 Ny Ny A Sl | Tolal Live CDB Naive+Central Memory Cells
s AR =2 B e
| Ao -
5 \ v ¥ 0000000
= » \
2, / \
< [ /R N
X/ 5',51{‘ . \‘,
=V =
e =
‘_ 4
¢ Day

N B IIC2 " RERBBYYN T ER PR "2RERIVCONERNCR
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€ CMaT Early Prediction of Total T and T,

* Multi-Ohmic Prediction Profiles—> Process Parameters + Cytokines (Day 6)

b [RE] s IL17a
150 4
Total Live Memory (CD4+ and CD8+) => Response [ ref = 19764320.00]
1991 3.0x107
25x107
z ek 2.0x107
2 1.6x107 i
; ° 1.0%107 t
5.0x10° [
0- - - L - - - - - L - -
4 4000+ 10 20 30 4 1000 2000 3000 2500 5000 7500 100 & 10 5 50000 100000150000 500 1000 1500
ILZ Concentration DMS Concentration IL13-6 IL15-6 IL17a -6 IL2R -8 TNFa-6
3000 CD4+ Tn and Tew =3 Response [ ref = 3196610,60 ]
’ z 6
2000], A~ 7x10 [ f [
= = 6x10° } f I
1000 | Fage = = 5%10°% f
= 4x10° I i
o F 3x10° f f i
s IL17a 2x10° | t
1x10% | | |
0 i - L L " " " ! " " i
10 20 30 4 1000 2000 3000 5000 w000 5 0 5 200 400 50000 100000150000 500 1000 1500
IL2 Concentration DMS Concentration IL13-6 IL15-6 IL17a -6 IL2R-6 TNFa-6
CDB+ Tn and Tew = Response [ ref = 17023309.00 ]
- 3.0x107
5 25x107 t
k 2.0x107
16107 f
» 4t " o 7
| /| 4000 = | Tolal Live CD8 Naive+Central Memory Cells 10410
750000 2 4 5.0x10°%
A 15000000 | | |
p 2 ° 1 J J 1 I | |
Z 5 10 20 30 4C 1000 2000 3000 2500 6000 7500 100 & 10 5 200 400 50000 100000150000 500 1000 1500
= IL2 Concentration DMS Concentration IL13-6 IL15-6 IL17a -6 IL2R-86 TNFa-6
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CMaT Early Prediction of Total T and T,

totalsLivesMemory=Cells => TLM PP+N4 AT5V VCH3 [ ref = 13446751.00 ]

* NMR Media Analysis | A
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Dynamic Sampling Platform

Animal Mode
,--Controller - -,
. SetPoint | Outputs

| v ' .
------------ Optlcal' Sensor
Fluorescent Sampler t
Tissue-on-a-Chip
] )_\ - ‘J |
. Multivariate _
' Modeling _/ '_ j.‘ / |
. . \ (&3
Purity Identity PR (oo &S
Potency el i g s

What are the key factors?
How should we design the system?
*Where should we look for better solutions?
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Informatics
Critical for
Systems
Integration &

Active
Learning

Model )
Deplzy::qent ' Analysis
' Algorithms

Computation

Modeling

A

Modeling
Space
Descriptors

‘ e l
Da_ta ) Statistics
Consolidation & Visualization
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Moving Forward... What Is Your Analysis

Obijective

Stage

Objective

Analysis

Discovery

New Insight/ Knowledge?

Identify new modes of action, therapies, formulations & process
technologies

Development

How does it work?

Develop multi-ohmic system level structure/ property/ process relations and
robust IP

Design

What & how to produce? |Design products, processes, testing and release protocols

Validation

What to control? Identify and verify CQAs & CPPs

Optimization

How to optimize?

Determine optimal design, formulations, process conditions & yields
Identify what to improve/ optimize based on clinical outcomes

Process Control

How to control?

Identify what to control & control limits
Define and implement real time control and lot release

Supply Chain

How to maximize?

Determine optimal supply logistics plans to maximize working capital &
patient outcomes

Commercialization

What costs? Pricing? Determine costs and pricing

Strategy

Which scenario? Examine potential scenarios using what-if exploration tools

EVOLVEDRS




What Questions Do YOUu Need to

Variable Selection & Relationships

*  Which variables matter?

What variable combinations are useful?

* Arethere important metavariables?

Prediction

 Can we accurately predict performance?

e Can we utilize for real time control?
Optimization & Deployment

 Can we build robust emulators for what if and design?
 Can we simultaneously optimize multiple KPIs?
 Can we build active learning systems?

Risk Management

* Outlier detection & assessment?

*  What is our extrapolation trust metric?

Insight & Understanding

 Isthis novel? Is it patentable?

E
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EVOLVEDRS”

Moving Forward...

*\What data do you have?
*Exploit it! Good & bad!!!
*Lives can be saved!

* Act now!!!



EVOLVE)
ANALYTICS

Thank you!
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