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ABSTRACT: Influenza A viruses spread out worldwide
causing several global concerns. Discovering neuraminidase
inhibitors to prevent the influenza A virus is thus of great
interests. In this work, a machine learning model was trained
and tested to evaluate the ligand-binding affinity to
neuraminidase. The model was then used to predict the
possibility of compounds from the CHEMBL database, which
is manually curated database of bioactive molecules with
drug-like properties. The physical insights into the binding
process of ligands to neuraminidase were clarified via
molecular docking and molecular dynamics simulations.
Experimental studies on enzymatic and antiviral activity as
well as cytotoxicity have validated our computational results
and suggested that 2 compounds were potential inhibitors of
neuraminidase of the influenza A virus.

INTRODUCTION

Influenza A viruses have caused major influenza outbreak
or pandemic that affected millions of people worldwide. The
viruses are divided into subtypes based on two proteins on
their surface: hemagglutinin (H) and neuraminidase (N).
These subtypes have been responsible for major pandemics
throughout the 20™ and 21" centuries such as the HiN1 pan-
demic in 1918, H2N2 pandemic in 1957, and H3N2 pandemic
in 1968.> and H5N1,>*, HiN1,>® H5N8,” and H7Ng® in recent
years. New strains of the viruses continue to emerge and the
risk of drug resistance have sparked great interest into find-
ing potential anti-viral compounds.®™

Neuraminidase is a key surface glycoprotein which plays
an important role in viral replication and infection. It is a
proven target for developing drugs against influenza A vi-
ruses'®”. Several drugs recommended for treating influenza
virus such as oseltamivir, zanamivir, and peramivir are neu-

raminidase inhibitors. However, these drugs suffer from se-
rious limitations such as the emergence of oseltamivir-re-
sistant strains’®™, the poor oral bioavailability of zanamivir
*°, On the other hand, more virulent variants, such as H5N1
and H7Ng has emerged. Therefore, researching novel inhib-
itors capable of effectively inhibiting neuraminidase con-
tinue to be a topic of interest.

Computer-aided drug design (CADD) plays as a powerful
tool for rapidly and accurately screening of several million
compounds for potential inhibitors of enzymes”. The
adoption of CADD methods is rapidly increased due to their
potential to significantly reduce the cost and time of a new
drug development.” CADD can be used in both purposes
including searching for new inhibitors and repurposing for
existing drugs.””> CADD has been donating to the discovery
of severally available drugs such as dorzolamide,®™
saquinavir, ritonavir, and indinavir.™

In this work, we aim to use a combination of computa-
tional and experimental approaches to find potential inhibi-
tors for inhibiting neuraminidase. In particular, the trained
machine learning (ML) model was employed to predict the
ligand-binding affinity of ca. 2 million compounds of
ChEMBL database to neuraminidase. The experimental stud-
ies were then carried out to validate the ML outcomes. The
shortlist of potential candidates were obtained. The experi-
ment would be then validated the ML outcomes. Besides,
molecular docking and MD simulations were used to clarify
the physical insights into the binding process of these com-
pounds to neuraminidase.

MATERIALS & METHODS

Data set
A set of us4 compounds with SMILES and their
corresponding association constants K; was collected from
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BindingDB. The binding free energy was calculated from K;
as AG = RTInK;, where R is the molar gas constant, T = 298
K is the absolute temperature. The experimental binding
free energy 4G was used as a label for training ML regression
models. The set was randomly divided into a train set
consisting of 989 compounds and a test set consisting of 165
compounds. The train set was used to train machine
learning (ML) models and the test set was used for
performance evaluation. The AG distribution of train and
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test sets is shown in Figure 1. The best ML model was
selected to make prediction of binding free energy to
Neuraminidase for the CHEMBL data set”® consisting of
nearly 2 million compounds. Compounds which have
already been in the train and test sets were excluded from
the CHEMBL set. The top 100 compounds having strongest
binding affinity were selected for further investigations
using molecular dynamics simulations, enzymatic activity,
antiviral activity and cytotoxicity assays.
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Figure 1. Distribution of experimental binding free energies for the train and test sets (left) and of the binding free energies pre-

dicted by GraphConv model for the test and CHEMBL sets (right).

We trained four regression models including linear
regression (LR), random forest (RF), extreme gradient
boosting (XGBoost)* and convolutional networks on graphs
(GraphConv).* LR served as a baseline model due to its
simplicity and being less prone to overfitting. RF and
XGBoost are both ensemble methods. They differ in that in
RF, regression tree learners are fit independently based on
bootstrapping and random subspace of the train sample,
while in XGBoost, the learners are sequentially trained such
that each learner tries to fix the mistake made by previous
ones. Furthermore, in RF prediction is made by averaging
over the predictions of all trees in the ensemble, while in
XGBoost, weighted sum of predictions from all learners is
used as a final prediction. Features for LR, RF and XGBoost
are physicochemical descriptors which were calculated
using the RDKitDescriptors tool kit implemented in
DeepChem.* RDKitDescriptors calculated 200
physicochemical descriptors which were finally reduced to
104 features after removing the ones having mostly zero
value and highly correlated features. For LR and RF, missing
values were imputed with the median, while for XGBoost,
imputation is not required because it can automatically
handle missing values. For LR, the features were
standardized to have a zero mean and a standard deviation
of one. The deep learning method GraphConv can learn
features on the fly and therefore, does not require manual
feature extraction. Input into the model is a molecular graph
which is passed to convolutional layers. The convolutional
layers will learn a fixed-length embedding vector called
molecular fingerprint which is then input into a densely
connected layer.

Hyperparameters of LR, RF and XGBoost were tuned by
minimizing the mean square error (MSE) estimated from the
train set using the 10-fold cross validation method. The
Hyperot library®* was used to search for the optimal set of
hyperparameters. For the GraphConv model, we tried

different numbers of units in the graph_cov layers and dense
layers, learning rate, and dropout rates. The performance
seemed to be more sensitive to the network size than the
learning and dropout rates. We used the Python library
Scikit-Learn® to train LR and RF models and the XGBoost
library for XGBoost models. We used the library DeepChem™
to train the GraphConv model.

Molecular Docking

AutoDock Vina** was used to dock CHEMBL ligands into
binding pocket of neuraminidase whose 3D structure in
complex with Zanamivir was obtained from the protein data
bank with PDB ID 4B7Q. The docking empirical parameters
were modified to improve docking accuracy according to our
previous study®. The force field parameters from
AutoDockTools were used to prepare the protein and
ligands for docking. The chemicalize webserver, a tool of
ChemAxon, was utilized to predict the ligand protonation
states.** The center of docking grid was chosen as the center
of mass of Zanamivir and the size of the grid as
24 x 24 x 24 A3, The docking poses with lowest docking
energy were selected for subsequent MD simulations.

Molecular Dynamics Simulations

MD  simulations were performed to sample
conformational space of complexes between neuraminidase
and ligands in aqueous solution. AmberggSB-iLDN force
field®® was employed to parameterized inter-atomic
interactions of the protein and counter ions. For water
molecules, TIP3P water model”’ was used. The general
Amber force field (GAFF)*® was employed for Lennard Jones
and bonded interactions for the ligand. AmberTools18* and
ACPYPE packages*’ was applied to fit the point charges of
the ligand using the restrained electrostatic potential (RESP)
method®®. The fitting procedure required as an input the
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electrostatic potential grid which was calculated by DFT
based on the double hybrid functional Mp2, basis set 6-
31G(d,p), and implicit solvent (e=784). The
neuraminidase-ligand complexes were inserted into a water
box with dodecahedral periodic boundary conditions. The
box size was chosen such that there was a minimum distance
of 16.0 A between the protein-ligand complex and the box
edge. The box had a volume of 569.75 nm? and contained in
total 56000 atoms. The water box for MD simulations of free
ligands had a volume of 56.16 nm? and a total number of
atoms of 5500.

Energy minimization with the steepest descent algorithm
was first performed to remove steric clashes and drive the
conformation to a local minimum. Then short MD
simulations of 100 ps under NVT and NPT conditions were
performed to equilibrate the system. During this
equilibration step, Ca atoms were restrained by applying a
weak harmonic restraining potential. Finally 50 ns MD
simulations were performed to generate data for structural
and energetic analyses. To improve statistical sampling, MD
simulation for the complex was repeated for 2 times using
different random number seeds. We used the software
GROMACS version 2019.6* to perform MD simulations.

Cell culture and viral amplification

MDCK cells were cultured in Eio medium comprising
Dulbecco's modified Eagle medium (DMEM, Invitrogen,
Carlsbad, CA) supplemented with 10% fetal bovine serum
(FBS; JRH Biosciences, Lenexa, KS, USA), 100 U/mL
penicillin, 100 pg/mL streptomycin (Sigma-Aldrich, St
Louis, MO, USA), 2 mM L-glutamine (Gibco BRL,
Gaithersburg, MD, USA), and 0.1 mM nonessential amino
acid mixture (Gibco). The cells were maintained in a 37 °C
incubator with 5% CO.. The influenza virus A/WSN/33
(WSN) obtained from the American Type Culture Collection
was propagated in MDCK cells. Cells were incubated with
the influenza virus at a multiplicity of infection (MOI) of 0.5
for 1 h at room temperature and cultured for 24 or 48 h at 37
°C in fresh DMEM. Viral titers in supernatants were
determined using MDCK cells by the 50% tissue culture
infectious dose (TCID50) assay*’.

Neuraminidase enzymatic activity assays

The NA-Fluor™ Influenza Neuraminidase Assay Kit (Applied
Biosystems, Foster City, CA) using MUNANA as the
substrate was utilized to assess the effectiveness of
compounds®. The virus stock was titrated using the NA
activity assay, and the optimal virus dilution (1:64 dilution)
for the neuraminidase inhibition assay was selected.
Compounds were tested for NA inhibitory activity at 100 uM.
Fluorescence was measured by an ELISA Reader (Molecular
Devices; Lmax [I384) at an emission of 460 nm and
excitation of 360 nm. A zanamivir control (0.02 uM,
MedChemExpress, Monmouth Junction, NJ, USA) was
included for comparison.

Cell-based antiviral activity and cytotoxicity assays

The antiviral efficacy of compounds was assessed in MDCK
cells through quantification of their ability to mitigate virus-
induced cell death. MDCK cells were cultured in a g6-well
plate (2 x 10* cells per well) in E10 medium and incubated at

37°C under 5% CO. overnight. The wells were then washed
once with phosphate-buffered saline (PBS). Compounds
were added at a concentration of 50 pM, along with g x
TCIDs50 of the virus. The cells were subjected to individual
compound incubation as a means to evaluate its cytotoxic
effects. The surviving cells were measured with the
colorimetric 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyl
tetrazolium bromide (MTT) assay. The plate was placed in a
5% CO., 37°C incubator for 72 h. After incubation, the cell
wells were rewashed with PBS, and 50 pL of MTT solution
was added to each well, followed by incubation for 3 h at
37°C with 5% CO.. The medium was removed, and 200 pL of
dimethyl sulfoxide was added to each well to dissolve the
formazan crystals. The absorbance of each well was
measured at 570 nm on an ELISA Reader (Molecular Devices;
Lmax II384). A control group of drug ITAig with a
concentration of 5 uM was employed®.

Statistical analysis

The statistical errors of correlation coefficient and RMSE
were estimated using 1000 rounds of the bootstrapping
method.”” The intermolecular sidechain contact (SC)
between the ligand to the residual neuraminidase was
counted when the spacing between non-hydrogen atoms of
them is 4.5 A. The intermolecular hydrogen bond (HB)
between the residual neuraminidase and ligand was counted
when the angle £ between acceptor-hydrogen-donor is 2135°
and the distance between acceptor and donor is <3.5 A.

The experimental data are depicted as mean values
accompanied by their standard error of the mean (SEM,
derived from no fewer than two independent experiments.
Statistical analyses were conducted using a two-tailed,
unpaired Student’s t-test with Prism software (version 8.0,
GraphPad Software, San Diego, CA, USA). Significance levels
were set at p < 0.05 (*), p < 0.01 (**), and p < 0.001 (***), with
"ns" denoting non-significant differences between the
indicated settings.

RESULTS AND DISCUSSION

Machine Learning Calculations

The predictive performance of trained ML models was
assessed by using three performance metrics, namely, root-
mean-square error (RMSE), Pearson’s R and Spearman’s p
correlation coefficients. Table 1 shows performance
comparison of the four ML models for the test set consisting
of 165 compounds. The baseline model LR gave the poorest
performance with large RMSE (RMSE = 2.80 #+0.32
kcal/mol) and low correlation (Pearson’s R = 0.46 + 0.07;
Spearman’s p = 0.58 + 0.05) with respect to experiment. This
is not unexpected since LR is a linear model which is unable
to capture nonlinear relationships between the input
features and the target label of binding free energy. Using
more powerful nonlinear methods such as RF, XGBoost and
GraphConv  significantly —improves the predictive
performance as shown in Table 1. The GraphConv model
gave the best performance with the lowest test RMSE (RMSE
=1.86 + 0.22) and highest test correlation (Pearson’s R = 0.80
+ 0.04, Spearman’s p = 0.84 + 0.03). Figure 2 shows
comparison between predicted and experimental binding
free energies. However, GraphConv’s performace does not
differ significantly from XGBoost model which is the second
best.
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Table 1. Comparison of ML models’ performance in predict-
ing binding free energy AG for 165 test compounds to Neu-
raminidase.

Model (kcl::sfrllsol) Pearson’s R Spearman’s p
LR 2.80 +0.32 0.46 + 0.07 0.58 + 0.05
RF 2.03+£0.23 0.76 £ 0.03 0.83 £ 0.03
XGBoost 1.94 +£0.22 0.78 £ 0.03 0.83+0.03
GraphConv 1.86 +£0.22 0.80 + 0.04 0.84 +0.03
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Figure 2. Comparison of binding free energy between exper-
iment and prediction made by the GraphConv model for 165
test compounds.

The GraphConv model was chosen to make predictions of
binding free energies for nearly 2 million compounds in the
CHEMBL data set. The distribution of predicted binding free
energies is shown in Fig 1. The mean and standard deviation
of the distribution are -6.84 kcal/mol and 0.97 kcal/mol,
respectively. A short list of 400 compounds having strongest
binding free energy to neuraminidase (ranging from -12.4
kcal/mol to -10.0 kcal/mol) was chosen for further
investigations. Among these 400 compounds, 184 of them
were previously tested and therefore, removed from the list.
Then 1 compounds (see Table S1 in SI for the list of
compounds) were randomly selected (see table S1 in SI) for
experimental investigations to assess their enzymatic
inhibitory and anti-viral activities and cytotoxicity.
Moreover, we also performed molecular docking and MD
simulations to study their binding conformation to the
enzyme.

Enzymatic and antiviral activities and cytotoxicity as-
says

Our research, guided by virtual screening, revealed a notable
breakthrough in the quest for effective influenza A virus
(TAV) inhibitors. The inhibition of neuraminidase activity
was then evaluated with the Influenza Neuraminidase Assay
Kit, using zanamivir as a positive control (Figure 3). Two of
the eleven compounds (compounds 1 and 7) selected
through this innovative approach exhibited potential
inhibition of NA activity. However, four compounds

(compounds 4-6, and 1) yield higher values of readings than
the virus-only control. We suspect that these compounds
may exhibit unexpected stimulatory effects on the
neuraminidase enzyme, either directly or indirectly,
resulting in higher enzymatic activity levels compared to the
virus-alone condition. However, we can’t exclude the
autofluorescence exhibited by these compounds. Moreover,
compounds could potentially stabilize the neuraminidase
enzyme, prolonging its activity and enhancing the signal
generated by the substrate cleavage. Additionally, these
compounds might inadvertently interact with assay
components or viral particles in a manner that artificially
amplifies the fluorescent signal generated by the cleavage of
the MUNANA substrate. This may also explain why
compound 9 did not exhibit clear inhibition of NA activity
but demonstrated the ability to inhibit viruses in a cell-based
assay with about 55% protection (Figure 4). Compound 6
also showed a significant protection of about 30%.
Nevertheless, it's important to consider that compounds 6
and 9, with no inhibition in the NA enzymatic activity, have
off-target effects in the cell-based antiviral activity assay.
The ineffectiveness of compounds 1 and 7 in the antiviral
assay might be attributed to their membrane penetration
ability.

300

200

100

Percentage avtivity of NA (%)

Figure 3. Validation of the compound by NA enzymatic
activity assay. Eleven compounds were evaluated at a
concentration of 100 pM, with Zanamivir as the control at
0.02 PM. 1:64 dilution of virus was selected for the assay.
Data is normalized to the virus-only group, which is
arbitrarily set to 100%. The graph summarizes n = 3
independent experiments. Error bars show mean + SEM
(unpaired two-tailed t-test). *p<o., **p < 0.01, ****p <
0.0001, ns = not significant. Comparisons between the virus-
only group and compound 1, compound 7, and Zanamivir
yielded p-values of 0.0146, 0.0079, and <0.0001, respectively.
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Figure 4. A cell-based antiviral assay for compounds
screening. Eleven compounds were assessed at a
concentration of 50 pM, with ITA1g used as the control at 5
pM. Data were normalized to the cell-only group, which was
set at 100%. For cytotoxicity assessment, comparisons
between the cell-only group and compounds 6, 7, and 9
yielded p-values of 0.0087, 0.0003, and 0.0047, respectively.
For drug screening, comparisons between the virus-only
group and compounds 6, 9, and ITA19 yielded p-values of
0.0199, 0.0084, and 0.0008, respectively. The graph
represents n = 2 independent experiments. Error bars
indicate mean + SEM (unpaired two-tailed t-test). *p<o.1, **p
< 0.01, ****p < 0.0001, ns = not significant.

Structural insights from molecular docking and MD
simulations.

In order to gain physical insight into the binding process of
the top CHEMBL compounds to neuraminidase, 1 selected
compounds were docked into the binding site of
neuraminidase. Table S1 in SI shows docking energy which
ranges from -12 to -9 kcal/mol. Docking poses of 1
compounds binding to neuraminidase are showed in Table
S2 in SI. For most of these poses, at least two hydrogen bonds
were formed between the ligand and receptor’s residues.

A well-known limitation of docking methods is that they
ignore the dynamics and treat the protein conformation
essentially as rigid. Therefore, in the next step, we performed
MD simulations to refine the docking structure of
CHEMBL1430043 and neuraminidase. Fig S1 (in SI) shows
the RMSD of the two independent MD trajectories where the
complex conformation is stabilized after about 25 ns.
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Figure 5. Binding pose of CHEMBL1430043 to
neuraminidase in the representative structure of MD
trajectory 1.

Fig. 5 shows biding pose of CHEMBL1430043 taken as a
representative structure in MD trajectory 1. In this binding
pose, the compound makes several hydrogen bond contacts
with neuraminidase’s residues in the binding pocket. A very
similar binding pose was also observed during another
independent MD simulation (see Fig Sz in SI) which
indicates the structure was well equilibrated.

To study the nature of the interactions between
CHEMBL1430043 and neuraminidase we calculated the
probability of the compound making hydrogen bonds and
hydrophobic contacts with the protein and the result is
showed in Fig 6. The important residues which make
significant contacts with the compound include Glung,
Aspisi, Argis2, Trpr7g, Gluz228, Glu287 and are expected to
determine the binding process.
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Figure 6. Probability of forming side chain (SC) and hydro-
gen bond (HB) contacts between CHEMBL1430043 and neu-
raminidase. The probability was calculated as the fraction of
time the contacts were formed over MD trajectory 1. See Fig.
S3 in SI for the similar plot for MD trajectory 2.

CONCLUSIONS

We have employed machine learning approaches to
virtually screen the large CHEMBL compound database
consisting of nearly 2 million compounds. The convolutional
networks on graphs (GraphConv) model show the best
performance on the test set with Pearson’s R correlation of
0.8 and RMSE of 1.86 kcal/mol. Molecular docking and MD
simulations were employed to understand structural
insights into the binding process between top compounds
and neuraminidase. The MD simulations shed light into side
chain and hydrogen bond contacts between the top
compound and neuraminidase and indicate important
residues which stabilize the protein-ligand interaction.
Experimental investigations on the enzymatic inhibition and
antiviral activities as well as cytotoxicity of 1 compounds
randomly selected from the top 400 compounds indicated
that the drug screening hit rate was elevated to an
impressive range of 9.1% to 18.2% when informed by virtual
screening predictions. This is starkly contrasting the less
than 1% hit rates achieved by conventional high-throughput
screening methods. Such findings underscore the immense
value of virtual screening in expediting the identification of
potential drug candidates with IAV-inhibitory properties.
However, we acknowledge that further refinements are
essential in our ongoing pursuit. While these compounds
exhibit promise in NA inhibition, their efficacy in the cell-
based assay was not good compared to the control group.
This observation suggests the virtual screening process may
only encompass some relevant factors on the virus's surface.
As we chart our research path forward, we recognize the
need for strategic compound modifications to enhance their
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NA inhibition capacity. Future investigations will be
dedicated to fine-tuning these compounds to elevate their
antiviral potential and advance the fight against [AV.

ASSOCIATED CONTENT

Data and Software Availability

All relevant data to necessary to reproduce all results in the
paper are within the main text, SI file and the GitHub
repository
(https://github.com/nguyentrunghai/Neuraminidase).
Python code for training ML models, training data set, MD
input files, parameter files, topology files can be found in this
Github repository.
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