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The difference of the FMO complex from different green sulfur bacteria: 5

A QM/MM description with polarized protein-specific charge
Zhe Huai', Zhengqing Tong', Ye Mei'-2, Yan Mo*.2*

IState Key Laboratory of Precision Spectroscopy and Department of Physics and Institute of
Theoretical and Computational Science, East China Normal University , Shanghai, 200062
2NYU-ECNU Center for Computational Chemistry at NYU Shanghai,Shanghai,200062
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Swelling progress
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Swelling is ubiquitous for polymer membranes in a solvent; the membrane

structures and properties usually vary substantially after swelling.

New simulation Qrotocol for swelling
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Fig. 1. Membrane swelling. (a) simulation system before and after swelling. (b) new
efficient simulation protocol.
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The simulation protocol can highly efficiently simulate membrane
swelling, which is approximately one order of magnitude

faster than normal simulation method.
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Fig. 4. Fitted density profiles of Pl swelling in water started with

two different dense membranes
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Polxmer membranes for OSN
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Molecular simulation of polymer membranes for organic solvent nanofiltration

Fig. 5. Fitted density profiles of Pl swelling in

methanol from three independent runs.
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J A molecular simulation protocol is developed to examine the swelling of polymer

membranes 1n solvents.

dDesigned two microporous polymer membranes (MPMs) and predicted their OSN

performance.

The solvent permeation through polymer membrane is governed by the pore size and/or
membrane-solvent interaction in a complex manner.

 For all the three membranes, the rejection of methylene blue is 100%.

Liu J., Jiang J. W., Microporous benzimidazole-linked polymer and its derivatives for

organic solvent nanofiltration, Polymer 2019, 185, 121932.

Liu, J., Xu, Q. S., Jiang, J. W., A molecular simulation protocol for swelling and
organic solvent nanofiltration of polymer membranes, J. Mem. Sci 2019, 573, 639-646.



OnionMHC: peptide - HLA-A*02:01 binding prediction using both structure and sequence feature sets

Abstract:

Shikhar Saxena, Yuguang Mu

School of Biological Sciences, NTU, 60 Nanyang Drive, Singapore - 637551

The peptide binding to Major Histocompatibility Complex (MHC) proteins is an important step in the antigen-presentation pathway. Thus, understanding the binding potential of peptides with MHC is essential for the design of peptide-based

therapeutics. Most of the available machine learning based models predict the peptide-MHC binding based on t

Given the importance of structural information in determining the stability of the complex, we have considered

ne sequence of amino acids alone, not characterizing the structural features of the peptide-MHC complex.

ooth the peptide sequence as well as the complex structural features to predict peptide binding to HLA-A*02:01. We have applied

machine learning techniques through the natural language processing (NLP) and convolutional neural network to design a model that outperforms the existing state-of-art models. Our model shows that, information from both sequence and

structure domains would result in an enhanced performance in binding prediction compared to information from one domain alone. Our model has achieved the state-of-the-art result in most of the weekly benchmark datasets provided by

Immune Epitope Database (IEDB).

Introductions

Cancer cells are known to produce unique peptide signatures
(neoepitopes), some of which are presented on their outer surface and
recognhized by T cells. For successful presentation of these antigenic
peptides, the peptide should be able to bind to the Major
Histocompatibility Complex (MHC) receptor with enough strength thus,
making it the most crucial and selective step. Thus, there is a need to
develop algorithms that predict accurately the binding affinity of peptides
to MHC.

In this study, we have used both complex structural feature and sequence
feature sets to predict the binding affinity of the peptides to widely
studied human HLA-A*02:01 allele. The structural features we have used
are the contact pairs between the atoms in peptide and MHC. The contact
pairs based structural features are known to perform well for the small
molecule and protein complex in the PDBbind dataset. Here, we tested
the similar contact-pairs based structural features for peptide-MHC
complex. We compared our model’s performance with the current state-
of-the art baseline model NetMHCpan4.0 and other different models on
the independent IEDB benchmark dataset.

Method:
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Model ablation Analysis to understand the contribution of each module towards
prediction of binding affinity.

Sequence module is the main contributor but structure module also contains
sufficient information required for binding affinity prediction.

Conclusion

Here, a deep learning-based model has been developed to predict the
binding affinity of peptide with the HLA-A*02:01 receptor. The model
employs both structure as well as sequence feature sets to make binding
prediction which is quite different from the previous structure only or

sequence only based approaches. Since, in these structure-based
features, the whole peptide is treated as a ligand, the residue-wise
contribution towards peptide binding is lost. Thus, adding the sequence-
based features with the structure-based features would allow the
network to learn from the atomic interactions between the peptide-mhc
as well as the different peptide residues contributing towards the binding.
The combination of both structure and sequence features increases the
model’s performance compared to either of the features used also as
shown in model ablation analysis.

Future Directions:

* The model can be further extended to predict the binding affinities of
peptides to different alleles, a pan-alleles model.

* The model can also be extended to accommodate the peptides of
different length.

References:

1. Zheng, L.; Fan, J.; Mu, Y., OnionNet: a Multiple-Layer Intermolecular-Contact-
Based Convolutional Neural Network for Protein-Ligand Binding Affinity
Prediction. ACS Omega 2019, 4, 15956-15965.
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predictions. Bioinformatics 2015, 31, 2174-81.
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Accelerated Computation of Free Energy Profile at Ab Initio QM/MM/PIMD
Accuracy via Semi-Empirical Reference-Potential

Yuanfei Xuel, Jianing Wang!, and Ye Meil:2

IState Key Laboratory of Precision Spectroscopy, School of Physics and Electronic Science, East China Normal University,

Shanghai, 200062, China

NYU-ECNU Center for Computational Chemistry at NYU Shanghai, Shanghai, 200062

Introduction

There are increasingly interest of exploring
the nuclear quantum effects (NQEs). One of
the most popular approaches to achieve
this requirement is path integral molecular
dynamics (PIMD). However, the
computational cost owing to PIMD
simulations is tens to hundreds of times
more expensive than that of classical
molecular dynamics (MD).

The semi-empirical reference-potential (RP)
method is proposed to combine with PIMD

to accelerate computation. It is proved that
the computational cost could be saved two
orders at least.

Methods

System Studied

Objectives

To study the NQEs of one system at ab
initio QM/MM accuracy with Semi Empirical
level cost.

B Verifying RP at quantum PIMD.

D Comparing the computational efficiency.

References
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Figure 1. DMANH molecule and free energy profile of (a) ab initio MD and (b)
ab initio PIMD simulations in organic solvents3. v = |[H-N4| - |[H-N,|, R= [N~ N,

(A) PIMD at PM6/MM level (B) PIMD at BLYP-D3/MM level
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Figure 2.Free energy profile of different simulations of DMANH in
aqueous solution at variant Hamiltonian level. RC = |H-N,| - |H-N,|.

& The efficiency has been enhanced by
about 580 folds with Semi-Empirical
Reference-Potential.

(2) Li, P.; Jia, X.; Pan, X.; Shao, Y.; Mei, Y. Accelerated Computation of Free Energy Profile at ab Initio Quantum Mechanical/Molecular Mechanics Accuracy
via a Semi- Empirical Reference Potential. I. Weighted Thermodynamics Perturbation. J. Chem. Theory Comput. 2018, 14, 5583-5596.

(3) S. Zhou and L. Wang Symmetry and 1H NMR chemical shifts of short hydrogen bonds: impact of electronic and nuclear quantum effects.
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Investigation on the fungicide resistance mechanism against FgMyol inhibitor phenamacril by
computational study

Kun Zhang?, Juan Du?*, XiaoJun Yao®
a Shandong Province Key Laboratory of Applied Mycology, College of Life Science, Qingdao Agricultural University, Qingdao 266109, China
b College of Chemistry and Chemical Engineering, Lanzhou University, Lanzhou 730000, China

Abstract

The pathogenic fungus Fusarium graminearum (F.graminearum) causes the fusarium head blight (FHB), which is a global problem for
agricultural industry due to its infection strategies and uncontrollable characteristics. The cyanoacrylate fungicide phenamacril is one of the
most powerful fungicides for controlling FHB by inhibiting the ATPase activity of the sole class | myosin of only a subset of F.graminearum
(FgMyol). F.graminearum is insensitivity to phenamacril owing to FgMyol appears single point mutation at K216E, S217P,or E420G. How
these mutations affect the interaction mode between FgMyol and phenamacril is not well understood. In the present study, we investigated

N i | the resistance mechanism against phenamacril at atomic level by analyzing the interaction mode between phenamacril and FgMyoIWT,
g - . . . . - - -
N FaMyolIK?16E  FaMyolS?1’Pand FgMyol®42°G, using multiple computational methods, including homology modeling, molecular docking,
I gvly givly givly g
- ! . molecular dynamics simulations, residue interaction network analysis, binding free energy calculation and principle component analysis
( , y
: " . (PCA). The binding free energy calculation suggests that the binding between FgMyol and phenamacril is stronger in the wild type (WT)
‘ | g gy
. than that in the mutated types (MTs). Further, in comparison with the WT, the interaction mode between phenamacril and residues Lys216,
""""""""""""""""""" Ser217, Glu420 significantly alters in MTs. Mutations in the protein led to phenamacril resistance in the F.graminearum due to the inefficient
binding. In summary, this study provides novel insight to understand the interaction mechanism between FgMyol and phenamacril and useful
Information for the rational fungicide design.
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of the molecular dynamics simulation.
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Fig.1 ARMSF plots of Ca atoms of three systems.

Fig.3 The residues interaction network of Phenamacril
binding with b-tubulin in wild type and mutant systems

within 4 A. .
Table.3 Binding free energy for Phenamacril bound to FgMyol by MM-GB/PBSA methods.
svstemn AGhpinding AEg(e AEyqw AGpg.sa AGpg AGgp.sa AGeg AGping
y average STD average STD average STD average STD average STD average STD average STD average STD

FgMyOIWT -29.20 *0.14 -16.37 =*0.18 -36.65 =*0.11 -4.29 =*0.003 28.11 =*0.15 -4.76 *0.007 1630 *0.11 -36.72 =o0.10
FgMyol"*1°F -23.74 =*0.15 -11.45 =*0.19 -3544 =*0.11 -430 =+£0.003 27.45 =*o0.16 -4.78 *0.07 1222 =*0.13 -3467 =£0.10
FgMyolI>*'"" -26.00 =*+0.14 -690 *0.13 -37.74 =*0.11 -419 =*0.004 22.83 *0.12 -491 *0.07 943 *0.09 -3521 =0.10
FgMyol=42%¢ -26.42 *o0.16 -17.41 *o0.22 -37.29 =*£0.11 -429 =*0.004 3257 =*0.22 -4.81 =*0.007 19.21 *+0.17 -3549 =0.11
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mutations in myosin-5 confer resistanceto the fungicide phenamacril in Fusarium graminearum. Sci. Rep. 5,
8248 .

1. The residue interaction network analysis, binding free energy calculation
Indicated that the interaction and binding free energy between Bcb-tubulin
and Phenamacril is stronger in the wild type than that in the mutated forms
(K216E, S217P and E420G).

2. In summary, the results obtained in this study are benefit to understand the
Interaction mechanism between FgMyol and Phenamacril, and provides 3.
valuable reference for future structure-based fungicide design.

2. Wollenberg RD, Taft MH, Giese S, et al. Phenamacril is a reversible and noncompetitive inhibitor of Fusarium
class I myosin. J Biol Chem. 2019;294(4):1328-1337. doi:10.1074/jbc.RA118.005408.

Zhou Y, Zhou XE, Gong Y, et al. Structural basis of Fusarium myosin | inhibition by phenamacril. PLoS
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