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Integrating machine learning with molecular dynamics
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Abstract: Maternal embryonic leucine zipper kinase (MELK) has become a focus of anti-tumor drugs
because it plays a key role in the occurrence and development of many cancers. In order to mine MELK
inhibitors efficiently, this study combined with machine learning method to screen large-scale compound
libraries and tried to find high-activity candidate molecules. Firstly, the machine learning model was con-
structed and optimized based on the known MELK inhibitor data, in which Random Forest Regression
is the best model (R*=0.800 4, RMSE=0.496 8). Then, based on this model, five candidate compounds
were selected with the highest prediction scores, and further carried out molecular docking and molecular
dynamics simulation research. The research shows that these compounds have stable conformation and

good binding free energy in the active pocket, showing potential MELK inhibition activity. Finally,
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SwissADME was used to predict the ADME properties of the compounds. This study verified the effec-
tiveness of virtual screening method assisted by machine learning in the discovery of MELK inhibitors,
and provided important candidate molecules and theoretical basis for the design and development of new
MELK inhibitors.
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Table 2 Top 10 prediction results of MELK inhibitory activity based on 64 960 candidate compounds
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Fig.7 Top 5 predicted compounds and MELK simulation results
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R3 BISHUEYH MM-GBSA &8 HEER
Table 3 Calculation results of MM-GBSA binding energy
of the top five compounds
MM-GBSA 54 [ g /

'ﬂf.%%%% pICso ?Jﬁ\{wﬁ (kcal-mol’l)
OTSSP167 9.130 562 —35.589 6
MELK-T1 6.098 004 —20.298 9
HTH-01-091 8.361 115 —57.672°5
730082877 8.003 302 —39.538 5
7217682380 8.001 675 —36.439 5
7226447674 7.986 586 —25.8313
726973524 7.978 261 —26.685 1
7184476194 7.968 434 —31.314 5
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SwissADME X H 47 T2 i) ADME (I, 545 |
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&4 B SwissADME i+t EZ XU S W E L FEF ADME %57
Table 4 Physical and chemical properties and ADME properties of the tested compounds calculated by SwissADME
e 2 SRy
730082877 7217682380 7226447674 726973524 7184476194
o F i (MW, g/mol) 374.39 348.40 372.42 373.40 494.52
B AR Consensus log P * 2.61 1.89 3.13 3.27 2.78
TPSA 99.18 69.56 82.11 79.46 148.12
p— . Lip-inslfi‘ i LA 0 0 0 0 0
Bioavailability Score ** 0.55 0.55 0.55 0.55 0.55
GI Wk High High High High Low
BBB %% No Yes No No No
P-gp JEY) No Yes Yes Yes No
it a2 CYP1A2 5 No Yes Yes Yes Yes
CYP2C19 #1pl 5] No No Yes Yes Yes
CYP2C9 k51 Yes No Yes Yes Yes
CYP2D6 il 5 No Yes Yes Yes Yes
CYP3A4 ikl 51 No Yes Yes Yes Yes
Gl AT R 2.66 2.45 3.01 2.99 3.41

#:: *Consensus log P 2ZFBEILTMW log P [ T-H{H, **Bioavailability Score 24 0.55, Rnib& WA B 151 O AR LAl EEHE
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