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» Lipid nanoparticles for mRNA delivery
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> lonizable lipids in LNPs
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Research Limitation

Traditional trial-and-error experimental methods take
a very long time to design the ionizable lipids and
optimize the LNPs
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» Computation-driven development of mMRNA-LNPs

® Predicting lipid nanoparticles for mRNA vaccines by machine learning algorithm
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Information of LNP-based mRNA
vaccines was collected from articles
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and induced IgG titer levels
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Important ionizable lipid substructures
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The predicted result was validated

by a mice study, assuming a higher

protein expression level is related

to a larger IgG titer

i

Molecular dynamics simulation
provided mechanical insights of
LNP formation
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® Al-driven rational design of ionizable lipids for mRNA delivery

Data collecting and model building
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® In vivo model of RNA lipid nanoparticle
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Self-assembly and molecular structure of mRNA-lipid nanoparticles at
real size from the ultra-large-scale simulation
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FormulationLNP —facilitate the mMRNA-LNP development in limited datasets

Data collection and preprocessing

Patents

* Invive delivery efficiency
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Comparison of data augmentation level

A. In vivo delivery efficiency task
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In vivo delivery efficiency Apparent pKa
Model Accuracy AUC Accuracy AUC
o Comparisons of models LightGBM-RDKit 0.754£0.033 0.855+0.027 0.759+0.058 0.856+0.054
developed by different DNN-ECFP6 0.779+0.037 0.852+0.033  0.780£0.037 0.855:0.038
algorithms AttentiveFP 0.720:0.040 0.794+0.023  0.712£0.042 0.680£0.129
ChemBERTa 0.754+0.048 0.837+0.038 0.748+0.041 0.819+0.038
FormulationLNP (Ours) 0.791%£0.036 0.862%0.037 0.777+0.048 0.867+0.032
In vivo delivery efficiency Apparent pKa
Pre-training Data augmentation Multi-task learning Accuracy AUC Accuracy AUC
y Y Y 0.791£0.036 0.862£0.037  0.777+0.048 0.867+0.032
. . N x 0.767+0.036 0.852+0.039  0.773+0.058 0.875+0.035
® Ablation study on the impact of
. . . N x V 0.770+0.027 0.842+0.030  0.792%0.048 0.870%0.043
pre-training, data augmentation
. . x/ x x 0.761+0.022 0.844+0.030  0.789+0.043 0.859+0.049
and multi-task learning
x V J 0.755+0.025 0.814+0.036  0.770+0.036 0.803+0.049
x V x 0.743+0.032 0.802+0.032  0.720£0.054 0.800+0.041
x x J 0.737+0.055 0.824+0.041  0.724+0.055 0.784+0.057
x x x 0.737+0.043 0.807+0.029  0.709+0.079 0.777+0.061
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® Attention weights of an ionizable lipid represented by the SMILES strings
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® Top 20 important substructures identified in the delivery efficiency task
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® Top 20 important substructures identified in the apparent pKa task
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® Prediction uncertainty quantification based on data augmentation

Cumulative accuracy
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® External validation
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» Deploy FormulationLNP with Streamlit

https://formulationlnp.streamlit.app/

FO rmu lation LN P predictor Experimental Parameters

Predict in vivo delivery efficiency and apparent pKa of LNP formulations. Experimental parameters don't affect the apparent pKa prediction
Mouse Strain @
Model loaded successfully!
BALB/c ~
LNP Composition Parameters —_ - -
P Efficiency Prediction Apparent pKa Prediction
lonizable Lipid SMILES (0]
Predict Efficiency Predict Apparent pKa
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. Prediction Results pKa Prediction Results
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(06) © DSPC AP -
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Most likely pKa category: 6 to 7 (Probability: 0.7962)
10.00 = *  N/PRatio ®
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https://formulationlnp.streamlit.app/

» Summary

* Explore the advanced Al techniques to facilitate the mRNA-LNP development
in limited datasets
* Learn how to enhance mMRNA-LNP behavior prediction with correlated

properties and multi-task learning
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Computational Pharmaceutics Group at University of Macau
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Recent Progress in Al-driven drug delivery

Preformulation prediction
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mRNA lipid nanoparticle
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