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Challenge in tumor delivery of nanomedicine

* The poor tumor delivery efficiency of nanomedicines has
been a major barrier in the translation of nanomedicine to
potent drug candidates.

* NPs are becoming an - Lack of understanding of pharmacokinetic of nanomedicine
increasingly popular tool for might be a major reason.
biomedical imaging and
drug delivery.
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Image was obtained from Wilhelm et al., 2016

Abbreviations: Nanoparticles (NPs)



Biodistribution of Nanoparticles (NPs)
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NP1

Reticuloendothelial System (RES)

« The pharmacokinetics of nanomedicine is very different with the traditional drugs.

* One of important mechanisms to affect the NPs’ biodistribution is phagocytosis.

» Different physicochemical properties of NPs, such as size, materials, biochemistry, and shape,
may relate to the NPs’ phagocytosis and biodistribution.

Kim et al., 2015; Hamad-Schifferli et al., 2015



Two Al methods were applied to predict tumor delivery efficiency

1. A data-driven method

Physiologically Based PharmacokinetiC | gup— |
(PBPK) Modeling

Machine Learning and Artificial Intelligence

Cancer Nanomedicine |

Input layer V \ /
Type « / \ /
Size ,_?{ Output layer

MAT o5
TS o
cT o5
™M e
ZP o

GO
»;\@m\"o’

Lin Z, Chou WC, Cheng YH, He C, Monteiro-Riviere NA, Riviere
JE. Predicting Nanoparticle Delivery to Tumors Using Machine
Learning and Artificial Intelligence Approaches. Int J
Nanomedicine. 2022 Mar 24;17:1365-1379. doi:
10.2147/1UN.S344208.

2. A hybrld method
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Chou WC, Chen Q, Yuan L, Cheng YH, He C, Monteiro-Riviere NA,
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mice. J Control Release. 2023 Sep;361:53-63. doi:
10.1016/j.jconrel.2023.07.040.



A data-driven model (with QSAR approach)

(PBPK) Modeling

Physiologically Based Pharmacokinetic 4—1—’ Machine Learning and Atrtificial Intelligence

Cancer Nanomedicine

Quantitative structure-activity relationship (QSAR)

Lin Z*, Chou WC, Cheng YH, He C, Monteiro-Riviere NA, Riviere JE. (2022). Predicting Nanoparticle Delivery to Tumors Using Machine Learning and

Artificial Intelligence Approaches. International Journal of Nanomedicine, 17: 1365-1379.




1. Categorical variables
- Material: Inorganic/organic NPs =21/0
- Shape: Spherical/Rod/circle - 1...3
- Cancer type: Brain/Breast/...
- Tumor model (TM)
- Targeting strategy (TS): Active/Passive - 1/0

2. Numerical variables
- Hydrodynamic diameter [nm]
- Zeta potential [mV]

3. Target variables
- Tumor Delivery efficiency (%ID)

Image by Tumisu from Pixabay



Overview of the Nano-Tumor Database (1/3): Categorical variables
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Hydrodynamic diameter (HD) of NPs
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Zeta potential (mV)

Zeta potential (ZP) of the NPs

—59.4 mV to 71.30 mV.
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Overview of the Nano-Tumor Database (3/3): Target variables

Estimation of tumor delivery efficiency (DE)

. . L Trapezoid (T)=0.5 (C. + C_,)) (t. - t._ 1)
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* The linear trapezoidal method is limited to the dataset and can not estimate the DE at different
time points such as 24 (DE24), 168 (DE168) and last time point (DETlast)

 In this study, we used calibrated PBPK model to estimate the AUC and then estimate the Demax,
DE24, DE168 and DETlIast

9
Wilhelm et al. (2016)



Table 1. Summary of modeling algorithms used in this study.

Model Synonym Model category Tuning parameters

Machine Learning Algorithms

Linear regression Linear Simple model Alpha, Lambda
k-nearest neighbors Knn Simple model K

Random Forest RF Ensemble model mtry

Bagged Model Bag Ensemble model None?

Stochastic Gradient Boosting Gbm Ensemble model n.trees; shrinkage,

n.minobsinnode

Support vector machine SVM Support vector machine C
Least-squares SVM LS-SVM Support vector machine Cost, loss
L2-Regularized SVM L2-SVM Support vector machine Cost, loss

Deep Learning Algorithm

Deep neural networks DNN Neural networks Rate, L1, L2

Lin Z*, Chou WC, Cheng YH, He C, Monteiro-Riviere NA, Riviere JE. (2022). Predicting Nanoparticle Delivery to Tumors Using Machine Learning and Atrtificial Intelligence Approaches.
International Journal of Nanomedicine, 17: 1365-1379.




The performance of each model for the 5-fold cross-validation and external
validation was evaluated by root mean square error (RMSE), mean absolute
error (MAE) and adjusted determination coefficient (R?).

1

R =1—{Z{J‘—fﬁ':s‘zir—f: (3)
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Predicted delivery efficiency (%ID)
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5-fold cross validation results using machine learning and deep learning

DEmss DEz4 DE1se DETsss

IModel S-fold CV Test S-fold CV Test S-fold CV Test S-fold CV Test

LR
R2 0064005 008 010+010 008 007+003 006 007+007 0.13
RMSE 398+103 756 389+061 656 218+060 320 398+088 473
MAE 242048 331 237+024 270 129020 144 242+044 246

KNN
R2 003+004 006 004+004 008 003004 004 001004 0.08
RMSE 405+112 755 395+071 651 231+056 322  405+101 477 Table F
MAE 236+047 351 231+030 282 133+021 150 236 +043 2 59 able Footnote

RF LR: Linear regression, KNN: k-nearest neighbors;
R2 0194012 016 019+016 017 019+010 011 015+0.16 0.29 RE- Rand ; t Bag: B d Model- Gbm:-
RMSE 3714103 715 364062 618 206+061 317 3724082 424 . Random rorest; bag. bagge odel; m:
MAE 221+048 292 217+027 237 120+021 130 222+045 215 Stochastic Gradient Boosting; R-SVM: Regular

Bag L .

R? 009+007 008 0132012 008 010£006 004 009+0.09 0.15 support vector machine; LS-SVM: least-squared
RMSE 391 +1.06 7.49 386064 650 216+058 3.22 3910 463 support vector machine; L2-SVM: |_2-regu|ated
MAE 238+047 334 234+025 266 127+019 135 238+046 244 . _ :

Gbm support vector machine; DNN: Deep learning neural
R2 008+008 009 012+011 017 011006 005 008+007 0.24 network. DE,__, DE,,, DE,, and DE,,, represent
RMSE 391+103 748 381+062 630 216+057 322 392+085 446 h . dell fici DE) DE
MAE 242 +047 327 234+026 260 1304020 132 242+042 238 the maximum tumor delivery efficiency (DE), at

R-SVM 24 h, 168 h, and the last sampling time,

R2 0024003 023 004+003 019 004+003 014 0024002 0.25 tivelv. CV- lidati
RMSE 412+129 780 402087 676 228+067 331 412+112 497 respectvely. LV: cross-validation.
MAE 193+054 282 187+035 232 106024 122  193+047 208

LS-SVM
R2 0024003 023 005+003 018 005003 013 003+003 0.24
RMSE 412+129 781 402+087 677 227+066 331 412+112 498
MAE 192+054 283 186+026 232 105024 122  193+047 209

L2-SVM
R2 007+006 014 011+010 014 008+004 018 008+007 0.19
RMSE 401+097 732 391+059 637 223+056 303 402+078 454
MAE 252+046 320 245+026 261 138+019 137 252+042 239

DN
R2 0474020 070 040+034 046 045+024 033 035+023 063
RMSE 3584135 238 275+092 310 196+109 178 324+104 3.01
MOAE 2 M+ N B5 1 /A 172 + &0 104 1 10+ A% (WREF: ] 197 + N 54 1 21
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* Deep learning model had the best predictive performance compared
to all other methods.

« Zeta potential and NPs materials were the most important factors
which contribute to the tumor delivery efficiency.

* The present study also demonstrates the feasibility of integrating
ML/Al with PBPK models to support cancer nanomedicine research

and development.

Lin Z*, Chou WC, Cheng YH, He C, Monteiro-Riviere NA, Riviere JE. (2022). Predicting Nanoparticle Delivery to Tumors Using Machine Learning
and Artificial Intelligence Approaches. International Journal of Nanomedicine, 17: 1365-1379.




A hybrid method (Al-assisted PBPK model)
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Theoretical parameter: Endocytosis of NPs

 Hill function to simulate endocytosis of gold nanoparticles
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Monteiro-Riviere et al. 2013. Toxicology Letters n;: Hill coefficient Chithrani et al. 2006. Nano Letters

Modeling « Simplified equation in PBPK model

Blood flow

—>  dAp,

= — XAr. + K,.,; X A
upi T; re, PC;

Tissue interstitial ¢ _ dt Pi i i

Lin et al., 2016. Nanotoxicology

PCs represent phagocytic cells in organs or tumors;

A_(Ti) represents amount of NPs in the tissue interstitium of the organ;

Kre,i is the release rate constant of NMs by PCs 17
Physiological based pharmacokinetic (PBPK) model



PBPK model for tumor-bearing mice

Physiological based pharmacokinetic (PBPK)
model for tumor-bearing mice

\ , Nano Tumor Database: (376 datasets
from 200 studies)

Model fitting with animal studies
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Evaluation results of AI-PBPK model-predicted tumor
delivery efficiency
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Representative evaluation results of AlI-PBPK model
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» This study demonstrated the feasibility of an integration of machine
learning/Al technologies with a mechanistic PBPK model to predict

the tumor delivery efficiency of NPs.

* Qur Al-assisted PBPK model not only provides an early screening
tool for estimating tumor delivery efficiency of NPs, but also can
reduce the number of animals use at the early-stage precilinical
trials to identify NPs with desired delivery efficiency to tumor.
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Md Mahbubul Huq Riad FARAD Team Monteiro-Riviere «  UF PHHP PhD Fellowship in Artificial
Long Yuan Dr. Nikolay M. Filipov Intelligence
Dongping Zeng Dr. Jeffrey W. Fisher

Trevor Elwell-Cuddy
Paula Solar; Sichao Mao
Yilei Zheng; Yi-Jun Lin
Ning Xu; Yu Shin Wang
Jake Willson

Gabriel (Guanyu) Tao

Dr. Ronette Gehring
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