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IMAGE-BASED CLASSIFICATION MODEL PREDICTING P-GLYCOPROTEIN INHIBITORS
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INTRODUCTION

Multidrug resistance (MDR) has been a significant challenge in
cancer treatment for decades. P-glycoprotein (P-gp) is a primary
active efflux transporter that operates through carrier-mediated
mechanisms. It is often overexpressed in cancer cells, significantly
influencing drug pharmacokinetics and contributing to drug
resistance in anti-tumor therapies. Therefore, P-gp inhibitors lead
to an increase in the concentration of anticancer drugs within the
cell and cause cell cytotoxicity. This study presents an approach
based on convolutional neural networks (CNN) to classify and
predict the P-gp inhibitors on the ZINC20 natural database.

RESULTS

Table 1. Optimizer, Hyperparameters and Evaluation.
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MATERIALS AND METHODS
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Table 2. Evaluation results of other databases.
External database Classification threshold TP FP TN FN | Accuracy | Precision |Sensitivity [Specificity| Fl-score | MCC
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. . . Figure 2. The binding pocket, docking score, and amino acids interaction of 6 potential compounds.
Figure 1. Evaluation graph of deep-learning model.
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Figure 3. The RMSD value of apo-protein; ligands
and protein of ligand in complexes.

Figure 4. The RMSF value of apo-protein
and protein of ligand in complexes.
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The in silico process, including CNN model application and
virtual screening, discovered two potential compounds,
ZINC96221125 and ZINC15675941 These compounds
have the ability to inhibit P-gp, increasing the bioavailability
of anticancer drugs and decreasing the MDR in clinical
treatment. These substances required in vitro testing in . . . S T S—
further research to confirm their bioactivity. Furthermore, B
generating another deep-learning model to classify P-gp

substrates and inhibitors should be taken into consideration.

WITN
610 Ll |

W | W !

bw MM‘ MM \

IR 'ﬁ;.l\r-“ “" il M',r' R AN
W i h Wy W‘ Wi ‘ "

Rg (nm)
L
[¥a)
SASA (nm?)

b -

600
h
|

e A Iw

l |
M

!

3.85

|

l
gL

590 |
38

580
0 3 10 15 20 25 30 35 40 45 50

Times (ns)
—— ZINC12882009

— ZINC1877111

Vincristine
— ZINC70705366

Apo-protein
ZINC169771363

ZINC96221125
— ZINC15675941

— ZINC12882009
— ZINC1877111

Apo-protein Vincristine
ZINC169771363  —— ZINC70705366

Figure 6. The SASA value of apo-protein and
protein of ligand in complexes.

Figure 5. The Rg value of apo-protein
and protein of ligand in complexes.
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