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Intracellular Drug Delivery Centre (IDDC)

» Centre of Excellence for companies/academics to access state of the art capabilities and expert support
 Design, formulation, characterisation and manufacture of nano-delivery systems (NDS) for multiple payloads and targets

« R&D programmes to critical scientific and commercial challenges

CPl are leading this complex multi- R&D and business support work packages
partner programme Creating the baseline for future industry and academic projects
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Enhanced methods to enable
in vitro -in vivo correlation
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Overarching technology focus areas

Screening & Formulation Manufacturing

Automated HT
Al for lipid formulation to HT In depth, Next gen LNP New integrated
manufacture PAT, advanced
(digitally enabled, process models,
sustainable) digital twins

design, novel screen lipid & - Sacig)%t_ lab Characterisation ) advanced
lipid synthesis formulation & (physicochemical, C _arqcterlsqtlon
d : N of the future cell based toxicity (in vitro, in vivo,
and screening against multiple and transfection) R
payloads

Underpinning digital capability - upload data to cloud, apply advanced models to enable adaptive (intelligent) DoE,
model development and deployment, simulation

Creating a platform for screening, characterisation and manufacture that
is flexible and adaptable to answer multiple research questions (apply to
different delivery tech, tune for thermostability, targeting,

immunogenicity, test new PAT and models)
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Project Objectives

Develop a high throughput screening
workflow to design & formulate LNPs for

optimal performance, efficacy & safety

=B\ | iquid handling robotics for
3 formulating LNPs

Dynamic Light Scattering
(DLS) for particle size

~ Use the flexible automated platform for /e
Q screening of novel and existing lipid libraries, EXC8 AN automated RiboGreen
in addition to different RNA payloads dﬁ%? q?bﬂ‘;:a. ses2i8282d assay for RNA
ceceees lation efficiency
ﬁg‘_%%\:\% LA AL XX encapsu

In vitro assay for transfection

Use data collected via automated workflows to efficacy and cytotoxicity

build a structure-function relationship

Q model, allowing eventual in silico selection of
interesting candidates for further
experimentation




Encapsulation

* Problem
 mRNA is repelled by mammalian cell surface
« mMRNA's are relatively large = natural uptake by cells extremely low

« mRNA is highly susceptible to degradation by ribonucleases

« Solution = Encapsulation in lipid nanoparticles (LNPs)
« Composed of four different lipids (a cationic / ionizable lipid; a

PEGylated lipid; a phospholipid; and cholesterol) that are capable of

encapsulating mRNA Molecules —X (Jonisable lipid )
« lonisable: Complex with RNA :' ( Helper lipid )
+ Peg: Stabilisation H (" sterol lipid )
« Sterol and helper: Aid endosomal escape m ( reetip )

« LNPs are engulfed by cells by endocytosis

« Release the mRNA to the cytosol, where it can be translated




Collection and Visualisation of Lipid Data  _  @®=ebvec
- Similarity analysis in python for chemical space _
visualisation A | 47,000 .
1. High dimension array reduced to 2d/3d B | 1,800
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by PCA, t-SNE or UMAP. <
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2. Reduced chem space converted to o
interactive visual representation. (b) BBBP by t-SNE (c) BBBP by UMAP
« CPI Modifications to Lo, WL
o Improve image size "
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UMAP-2

Lipid Downselection

Lipid of interest
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Filtering based on critical criteria to
identify new clusters of interest
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Nearest Neighbours Analysis of lipids
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Selected candidates in initial lipid screen
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SM102 and D-Lin MC3 DMA used as controls and reference datasets




Initial lipid DoE design (First stage)

‘ m Cationic
I = Sterol
w™e w™w w™w
’ m Helper lipid
Peg lipid

»
»

Vary lipid composition, while keeping ratio of total lipid: RNA payload the same

Full factorial DOE

« RNA concentration fixed

 Vary cationic composition: 50, 33, 16mol% and corresponding to N/P 6, 4, 2
« Vary PEG level: 1.5 and 5 mol%

« Vary ratio of helper to sterol (4 levels): 1:1, 1:2, 1:2, 1:4

« Total sterol/helper composition fixed by cationic and PEG levels.

« Three replicates per formulation




Medicines Discovery

Building a HT Screening & Characterisation Platform catAPULT

Demonstration with LNPs, applicable to any product based on similar fluid mixing

w

Preparation of feed Solvent removal, buffer Sterile filtration, as
streams and HT automated exchange, dilution, required
pipette or microfluidic concentration
mixing
. . Encapsulation . .
Particle Size S . . RNA Integrity Transfection
Efficiency
Particle size and PDI by DLS RNA concand EE% by RNA integrity assessment Invitro cell based assays
RiboGreen (cytotoxicity, dose response)

Demonstration with LNPs, applicable to a range of complex/ nanomedicines
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Database Interaction

IDDC

mport Data

rmulations

[> Logout

Import Data

1

Drag 'n' drop csv file here, or click to select file

LNP Samples

LNP Parameters

Plate Storage Tracking
PSD Summary

PSD Graph
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Transfection
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Data Processing and Modelling
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Using Models and Predictions

Transfection Efficiency @ 10 & Cells Number Percentage Change @ 10

lonisable 5.0
18:0_DDAB 18:1_DOTAP 18:1_EPC DLin-KC2-DMA D-Lin-MC3 DODMA DOTMA SM102 Sphingosine l 41
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- 4 k3 == 's 1.5
g i : ; ® ! Hl Missing
80 H . : H ? S ® Transfection Efficiency @ 10
? g > : ¢ . e ® Cells Number Percentage Change @ 10
e t ] H : ? : - '
-~ g . $
I - - : i : : : ;
g P g . » ] s .:- .
£ H : ! 5
o 9 £ - : : : E :
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] = . § transfection efficiency,
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: & = : L o TR o ici
0 ceTE—n . i v : e reduce cytotoxicity, but
| effectis dependent on
] ' . 0 = ionisable/cationic lipid
. “ o St . — SRR, ice.
LI 5 — = = == ~TEa= - Choice
® w— = s e ] ——— &
5 = . . E 3 o _ e , .
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£ R : . — cationic lipids (DDAB,
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: w0 - ’ ; H DOTMA)
20| . . .

0 - . L] | — | — 1 .
Where(Not ((lonisable = ALC-0315, C12-200, DC-Cholesterol, SM102-HP) or (Storage Condition = Is Missing, -80, Fresh)))
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Models and Predictions

ing

Us

Transfection Efficiency @ 10 & Cells Number Percentage Change @ 10

Neutral

Changing the neutral lipid
had a clear effect when
used in combination with
some ionisable lipids.
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lex Data ménaged by Underpinning Data Capability

Logout

[ : Jupyter IDDC Data Collation Last Checkpoint: a tew seconds ago  (autosaved) a

Not Trusted | Python 3 (ipykemsl) O

File Ediit View Insert Call Kermel Widgets Help

E.-i-gfﬂnm‘bbﬁmlc»ur ~ =
Tor toicer in os.iistair( Lata; )t
if experiment_name in folder:
for file in os.listdir(f"Data/{folder}/Raw Data"):
if dls_plate in file and "raw” in file.lower():
data_file = f"Data/{folder}/Raw Data/{file}"

Problem 3
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: \
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Comp

\

\

, \

. T AT eurrent sampiet Lot it Jrsanpte sy
.Automatlon al |OWS for |arge amounts of data to be ;::Pulnel:‘.azzﬁ ;:;;:?t samples[“SampLe 10" ][sample_i] file  Home Insert  Modeling  View  Optimize  Help 18 Share v
CO”eCted ; DLS_Map[dls_plate][w] = sample_name Gtdnv @ Ov D B ® Bv Bv [ refresh & pbish
- samples, i:;eid!:i; r;wej LNPlot._dls_pre_analysis( ”ffi*" s c «
-Lots of variables to be investigated f; Samie i oL fastel siae], 2
*The dataset is highly multi-dimensional ) ’
*Trends can be difficult to spot 7z e st
7 sample_id = ¥"{sample}.{rep}"
tracker_id = Tracker[(Tracker["Experiment Hame"] »
Iracker[ Tftr:#r id] = float(rawlrep-
Solution e
0 intellegens Formulation Model # =T Bt Ry i R R i | Bipadt ] e || el
*Collaborative multi-partner database of 1000's of LT
LNP formUIatlonS . - 0.8042 ‘ Formulation Dataset.csv Up to date \/‘ ::‘:?:Lnn(yet o '.:
eMachine-learning based decision-support :
techniques to guide lipid selection gl R R s
eUse of predictive modelling and adaptive DoE
techniques to design and optimise lipid formulation g —— -
eAdvanced & interactive visualisation techniques =- B
_— ] |
8 Inputs 1 Optimization =
5 Outputs 3 Improvements Traning dform
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Alchemite Integration

—

Inputs:

« Desired
Experimental
results e.g. EE%

- Experimental

» Data Analysis

High Results Alchemite Design space to explore

DOE —>| Throughput g Modelling " Experiments —— Output:

Experiments « Suggested

Experiments

Results  Predicted
experiment
results

Suggested
Experiments

Experiments [«




Model Quality: DOTMA
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Predicted versus Experimental: DOTMA

Transfection Efficiency10 Transfection Efficiency30

100

u
Qo

Predicted
Predicted

0 50 100 0 50 100

Actual Actual

Percentage of points shown with lowest uncertainty:

Percentage of points shown with lowest uncertainty:
ﬁ ﬁ

0% 100% 0% 100%
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Experimental results

predicted_EE (%)

40 A 7 | | g
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P —— Trendline
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What's next
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integrating
dataset to help
us understand
what makes a

good lipid

Development of
data pipeline to

Alchemite.
Integration of
& Producing lipid
Intellegens :
‘ predicted by
Ichnite

models

Expansion of
database to

lntellegens include partner
Applied machine learning data for in_d epth
screening
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Recap

Develop high throughput
screening workflow

High throughput
screening workflow
developed

Screening of lipid
libraries

" Gain better
{ understanding of what
~ makes a good lipid

Utilisation of Al
suggested experiments

Structure-function
relationship model, forin
silico selection of interesting
__LNP candidates

Development of data
pipeline to Alchemite

Analysis of results using
Alchemite

Expansion of database to
include partner data

Integration of workflow
with collaborative robots

( Synthesis and evaluation

of lipids/LNPs predicted

by models




Thank you

facebook.com/ukCPI
FOF more information ViSit WWW.Uk'Cpi.Com linkedin.com/company/uk-CPI

youtube.com/ukCPI

Nima Hojat

Research Engineer- Data Science and Analytics
Nima.Hojat@uk-cpi.com

+44 7054999448
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