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Abstract

Since the discovery of the anti-influenza drugs Oseltamivir and Zanamivir using computer aided drug
design methods, there have been significant applications of molecular modelling methodologies
applied to influenza A virus drug discovery, such as molecular dynamics simulation, molecular
docking and virtual screening. This review provides a brief general introduction to molecular
modelling in the context of drug discovery and then focuses on the advances and impact of
integrating these methods with specific reference to potential influenza A antiviral drug targets.

Introduction

The influenza A virus is capable of causing severe respiratory illness or health complications in
humans and can result in high transmission and infectivity rates amongst different species. Out of
the four antigenic types of Influenza viruses (A, B, C and D), type A viruses infect the widest host
range and have been the cause of pandemics due to zoonoses, hence the focus of this review is on
anti-influenza A drug discovery. Whilst vaccines are formulated annually based on global surveillance
data, immunisation cannot guarantee extensive or long-term protection due to the continuously
evolving nature of the virus. For many years there has been great focus on discovering novel anti-
influenza compounds which target various proteins of the virus life cycle as well as drug resistant
mutants [1]. Current influenza A drug targets are shown in Figure 1. To date, only a small number of
influenza A antivirals have been licensed for use throughout the world including the neuraminidase
inhibitors (NAls) and the M2 protein proton channel inhibitors [2]. However, widespread antiviral
resistance has developed against the M2 inhibitors which are no longer recommended for use.
Although there have been concerns over high levels of resistance to NAls against certain strains in
previous years, data from the USA and the UK has shown that fortunately, seasonal strains in current
circulation remain susceptible [3]. Most recently the polymerase inhibitor Favipiravir gained
approval with a limited license in Japan only [4], as well as the acid polymerase inhibitor Baloxavir
marboxil which was approved for use in Japan and the USA in 2018 [5].

The basic polymerase 2 (PB2) inhibitor Pimodivir (JNJ-63623872; previously VX-787) has shown
promising results in phase Il clinical trials [6] and is recruiting for phase Il clinical trials. In addition,
monoclonal antibody preparations such as MEDI8852 which target the major surface glycoprotein
haemagglutinin (HA) have also been clinically evaluated [7,8]. Despite this, the urgent need to
develop novel effective antiviral therapeutics against seasonal, pandemic and NAl and M2 inhibitor
resistant strains continues to be widely reported. It is also crucial that there is more than one
treatment option available in the occurrence of a serious outbreak to overcome the possibility of
resistance emerging. Drug discovery is aided immensely by the availability of 3D protein structures.
For some potential drug target proteins, the structures are not or only partially known. Evenifa
protein structure is available, it may not be in a conformation accessible to drug binding or potential
binding sites may not be known. Here the techniques of molecular modelling can predict binding
sites and through molecular simulation reveal hidden binding sites or previously unknown
conformations. Once models of protein structures have been developed and analysed, research can
proceed to molecular docking of inhibitors and calculation of binding affinities using free energy
calculations or simplified methods for selected inhibitors.



Molecular modelling methods are closely integrated with wet-lab research. Molecular modelling can
be applied in the initial stages of the drug discovery process followed by wet-lab experiments, in the
later stages of refinement of hits identified in high-throughput screening, or even in optimising
ADMET (Absorption-Distribution-Metabolism-Excretion-Toxicity) properties. Molecular modelling
methods are comparatively cheap compared to wet-lab based high-throughput screening that
requires access to expensive equipment and maintenance of a large library of chemical compounds.
Recently, more and more new drugs originate from academic or small biotech companies that have
access to limited financial resources. Intelligent approaches based on a combination of molecular
modelling and small-scale wet-lab based experiments can help to optimise the resources and may
even lead to results in a shorter timeframe [9].

Molecular modelling — general overview

Molecular modelling broadly covers the theoretical and computational methods used to model the
structure, properties and dynamic behaviour of molecules at the atomic level. In the context of drug
discovery, molecular modelling methods offer the important advantages of saving time and cost by
allowing for detailed characterisation and analysis of predicted drug binding modes and strength of
protein-ligand interactions without biological risks involved.

Since the historically successful identification of the NAI Zanamivir by structure based computer
aided drug design [10], numerous studies have emerged which incorporate innovative molecular
modelling and structure based methods. These include molecular dynamics (MD) simulation,
molecular docking and ligand or receptor based virtual screening, or a combination of all three using
various software and programs [11]. In drug discovery projects, MD simulations are typically
performed to provide a dynamic view of protein structure over time and analyse protein
conformation with or without bound ligands; cryptic binding sites (sites that are only visible when a
ligand is bound to the protein) can also be revealed, whilst docking and screening of chemical
libraries are applied to investigate interactions and calculate binding free energies between two
molecules [12]. The receptor-based (also known as structure-based) virtual screening method
requires knowledge of the target protein structure to predict the best binding conformation of small
molecules to a specific site. These techniques have proven to be useful in discovering and designing
new antiviral drugs [13—15]. MD simulations are more time-consuming at setup- and runtime level
compared to molecular docking. Hence molecular docking can be used as a high-throughput method
to screen ten to hundred thousands of ligands. In molecular docking, the protein-ligand complex is
given a score that correlates with or represents the predicted binding affinity. This score can be
computed from a physics-based, empirical-based or knowledge-based potential energy function.
More recently, grid-based convolutional neural network methods have shown increased scoring
accuracy [16—18]. However, in critical evaluations these performance gains were attributed to
overfitting of the model to the training data [19] or from detecting common differences between
active and decoy compounds used for training [20]. Free energy calculation (FEC) based on MD
simulations is considered the most accurate method of predicting the binding affinity of a ligand to
its target. However, FECs are not used in systematic search procedures to find the best binding pose
of a ligand, as this would be too time consuming. A complication of FEC based on MD simulations is
the assignment of the force field parameters for the ligand that must be evaluated in separate
simulations. First a docking is carried out followed by a small number of FECs that can be used to
predict the binding affinity of a few compounds[21]. MD simulations can also be used to estimate



the kinetics of drug binding and un-binding as well as residence time, which is an estimation of how
long a drug remains in a binding site and a potential determinant of efficacy; both of these
parameters are considered to be key factors in the development of new therapeutics [22].

MD has assisted many drug discovery studies and now with more accurate forcefields and practical
simulation run times being achieved through use of graphical processor unit (GPU) acceleration, the
interest in applying MD is certainly growing. However, regardless of these methods being well-
established, the accuracy of force fields used, simulation times and scoring functions remain a
limitation. The number of experimentally resolved influenza A protein structures available is ever
increasing enabling researchers to undertake innovative drug discovery studies without having to
generate models through prediction methods. In the case of influenza A, there is also the specific
need to address the issue of drug resistance, therefore, studies which integrate sequence based
analysis and consider evolutionary information at residue level can enhance the impact of the
overall findings [23,24]. This review will summarise advances in applications of molecular modelling
based studies and highlight selected recent examples of these techniques in practice.

Discovery of influenza A inhibitors and drug targets

Given the essential and multi-functional roles of influenza A proteins, there are many options when
it comes to selecting an antiviral drug target(s), with almost all major proteins having been the
subject of extensive investigation. Furthermore, molecular dynamics, docking and virtual screening
protocols have also been combined as integrative strategies to identify influenza A inhibitors, and
identify binding pockets [25—-28] as shown in figure 2. These methods have also been applied after
initial experimental work to analyse molecular interactions. An overview of studies that have used
molecular modelling methods is shown in Table 1.

The specific biology of the influenza A virus present further challenges to the process illustrated in
figure 2. The negative-strand RNA genetic material of the influenza virus has a high mutation rate
due to the absent proofreading capability of the viral RNA polymerase. It has been estimated that no
two flu viruses in an infected individual are 100% genetically identical, hence the term quasispecies
was introduced [37]. A further complication is the mixing of gene segments in a cell infected by two
different virus strains, a process known as reassortment, that adds to genetic variability. This may
render the process of drug development fruitless within a couple of years, if the virus becomes
resistant. Thus, for the influenza virus in particular, it is important to analyse protein drug target
variability not only among a specific virus strain and host, but overall strains and host ranges. Only,
when a drug binding site and high conservation overlap, it is likely, albeit not guaranteed, that the
virus does not develop resistance through mutations or genetic reassortment. For viral surface
exposed proteins, overlap between conservation and a drug binding site may not always be found,
but internal viral proteins usually show a high degree of conservation, as shown in figure 3 for the
nuclear export protein [27].

Nucleoprotein

One successful example is the discovery that the nonsteroidal anti-inflammatory drug Naproxen can
be repurposed as an inhibitor of the nucleoprotein (NP), which was identified through virtual
screening of compounds filtered from a database initially containing 100,335 compounds into the
RNA binding groove. The docked complex obtained from the screening was then subjected to MD



simulations and further docking to assess the stability of the complex and the binding interactions.
Naproxen was also verified in vitro and in vivo and showed reduced levels of virus replication [26].
Although, since this discovery, more potent NP inhibitors have been discovered from high-
throughput or cell-based screening assays [38].

Neuraminidase targeting 430-loop with MM-GBSA/ MM-PBSA methods

A new NA inhibitor known as 6a has been identified to target the 430-loop [30], in this work, virtual
screening of 670,000 compounds was initially performed and the top 30 compounds were docked to
explore binding modes. MD simulations were then performed for more precise binding predictions
and to calculate binding free energy via the molecular mechanics generalised born surface area
(MM-GBSA) and molecular mechanics Poisson Boltzmann surface area (MM-PBSA) method.
Compound 6a showed the lowest binding free energy, as well as good inhibitory in vivo activity and
provided a basis for the design of six other NA inhibitor compounds. One advantage of structurally
refining post-docking complexes through MD simulation in a solvated environment is that effects of
water molecules can be accounted for in drug binding, and it can also be observed if a compound
leaves or remains in the binding site. It is therefore suggested that the dynamics of the target
protein with (or without) the bound compound should be investigated where possible to account for
receptor flexibility [39].

By using MD in conjunction with docking or virtual screening, the limitation of the receptor being
considered as a rigid structure can also be overcome. Furthermore, a multiple receptor
conformation docking approach combined with virtual screening can be applied to account for
receptor plasticity and distinguish active compounds from decoys and improve overall docking
results [40,41]. Consequently, end point analysis methods such as MM-PBSA and MM-GBSA
methods can be applied to calculate the free energy of binding which could improve virtual
screening and docking results. These calculations have been proven to be useful in drug design [42]
prior to experimental validation. Free energy methods also allow focused optimisation to increase
the inhibitory potency of drug leads by assessing the effects of modifications to a chemical structure
[43].

Nuclear Export Protein (NEP) and Non-Structural Protein 1 (NS1)

As well as potential drug compounds, new drug target sites are also being discovered. In a recent
study, the full length nuclear export protein (NEP) was modelled and MD simulations were
performed with partial restraints. The simulations were analysed through clustering to extract
representative structures for prediction of binding hot spots which were mapped to conserved
regions of the NEP. This was followed by consensus virtual screening which involved using two
docking software [44] to screen over 50,000 drug-like compounds from two chemical libraries
against a selected target site [27]. It would be of considerable interest to know if any of the
identified compounds were capable of inhibiting virus replication in vitro. Another protein
considered an attractive antiviral target is the multi-functional non-structural protein 1 (NS1) as it
plays an essential role in counteracting the hosts interferon based immune response [45,46]. In a
similar study to[27], the flexibility of the RNA binding domain of NS1 was explored through MD
simulations followed by clustering and root mean square fluctuation (RMSF) analysis. Subsequently,
the suitability of all estimated NS1 drug binding pockets were thoroughly evaluated for their
potential to bind drug-like ligands [35]. Though both of these studies account for protein flexibility to
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some extent through conventional MD simulations, the sampling of conformations can be improved
with enhanced sampling methods [47]. These methods have emerged to overcome the limitation of
standard MD simulation to sample conformations by providing an effective boost in terms of
potential energy, thus moving the system over high energy barriers so that molecular conformations
may be sampled more extensively, compared to unbiased simulations. A few examples of such
methods include replica exchange MD, metadynamics, accelerated MD and simulated annealing;
each having their own advantages and limitations, as described by[48,49].

Neuraminidase 150-loop

Molecular modelling methods have also given further insight into well established drug targets such
as the neuraminidase. An enhanced sampling approach was applied to the NA enzyme, where
replica exchange MD simulations were used to explore the structural flexibility of the 150-loop cavity
associated with NAI binding. The simulations sampled open, intermediate and closed conformations.
RMSD, volumetric, clustering and principle component analyses were performed to identify residues
involved with inter-conversion of the loop region to facilitate NA specific drug design and to help
understand the mechanism of antiviral resistance [29]. This work also builds on previous research
based on standard MD simulation demonstrating that the NA 150-cavity of the 2009 H1N1 pandemic
virus exists in an open state, which became a new target for drug design not visible in the crystal
structure [50].

M2 proton channel

MD simulations have been applied to rationally design inhibitors of M2 carrying drug-resistant
mutations such as V27A, L26F, and S31N [51], as well as to elucidate the mechanism of action of
novel dual inhibitors targeting the wild-type and Amantadine-resistant M2 [34], which represent
promising inhibitors for further development. Recently, MD simulations have also revealed insights
into the drug resistance mechanism of M2-S31N inhibitors through widening of the channel pore
[52].

The well-tempered form of the metadynamics technique has also been exploited to investigate the
stability and binding pathways of amantadine and its derivative adamantyl bromothiophene to the
S31 and N31 mutant M2 [33]. The simulation free energy profiles suggest how the ligands are
positioned and move through the proton channel pore during entry. Despite valuable insights
enhanced sampling methods could offer to analyse protein conformational dynamics, there are a
limited number of recent influenza A related drug discovery studies published which apply enhanced
sampling methods, presumably due to the difficulty of implementing them.

Polymerase

The PA subunit of the viral polymerase complex has been the subject of intensive modelling and
docking studies. This was aided by the initial determination of the structure of the N-terminal part
(residues 1-195) of PA [53,54], which contains an active site involved in cleaving the 5’-cap of host
pre-mRNA in order to be used for the synthesis of primers for viral mRNA. In subsequent studies the
PA N-terminus was successfully co-crystallised with seven inhibitors which resulted in seven atomic
structures of PA with different inhibitors bound (PDB-IDs: 4E5E to 4E5J) and 4E5L) [55]. This lead
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eventually to the approved drug Baloxavir marboxil. Research presented in a study on 19 mutated
models of the cap — dependent endonuclease proposed the mechanism by which reduced sensitivity
to Baloxavir marboxil occurs [36]. In this analysis, MD simulations of the endonuclease in complex
with Baloxavir revealed different modes of interaction between the aromatic ring of the drug and
the endonuclease binding site 138 (shown in Figure 1b). Binding free energy was also lower for 13
out of 19 mutation models calculated using MM-GBSA method compared to the wild type
endonuclease. Through computational mutagenesis, this study clearly illustrates how loss of
molecular recognition due to mutations correspond with reduced drug sensitivity and drug
resistance. MD simulations and docking have also been successfully applied to identify inhibitors
targeting the PA-PB1 subunit interactions [28], and PA-PB1 inhibitors with a cycloheptathiophene-3-
carboxamide scaffold have shown broad-spectrum antiviral activity and a high barrier to drug
resistance [56].

Neuraminidase with QM/MM methods

Another useful approach for drug discovery is the combined quantum mechanics/molecular
mechanics (QM/MM) method which must be used to study chemical and enzyme reactions with
greater accuracy and to support binding affinity calculations. The QM/MM approach can be used to
simulate bond breaking or formation through a quantum mechanical treatment of a subset of
atoms, such as the drug binding site, whilst a molecular mechanical description is used for the rest of
the system without explicit consideration of electrons. This method has been applied to gain further
insights into the binding interactions of HIN1 NA with Oseltamivir, Zanamivir, Laninamivir octanoate
and Laninamivir [31] and it was reported that the predicted binding free energies were in good
agreement with previous experimental results. Although, in comparison to other (MM) methods,
this technique does not appear to be widely applied for influenza A drug discovery, as simulations
are very time consuming and expert knowledge in quantum mechanics in setting up and analysing
simulations is required.

Multi-scale modelling studies

Protein structure prediction and protein docking algorithms have also been used to model the
additional NA domains including the stalk, transmembrane and intravirion domains. From
subsequent MD simulations of the NA protein modelled with the stalk embedded in the lipid bilayer
with and without amino acid deletions in the stalk, it was shown how the length of the NA stalk
influences the dynamics of sialic acid binding pocket residues in the NA surface region, and therefore
binding affinity to the host sialic acid substrate. In addition to these important features, new
druggable hot spots on the NA surface head were also identified through computational mapping
and suggest opportunities for virtual screening and docking [57]. These results reflect how overall
structural changes in areas other than the active/binding site impact ligand binding affinity.

Moving beyond analyses of single proteins, pioneering results from the first all-atom MD simulations
of the entire influenza A viral lipid envelope model including water, lipids, 30 NA tetramers and 236
HA tetramers have been published [58], highlighting the significant progress achieved in simulating
large, complex biomolecular systems. Thorough conformational sampling in these simulations
enabled characterisation of a secondary sialic acid binding site of the NA enzyme that participates in
initial substrate binding, followed by the substrate sliding into the active site. Principle component
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analysis revealed notable insights into the transitions between the open and closed states of the
150-loop cavity and the primary binding site, including changes to catalytic-site volume, which can
strongly influence drug binding. This study paves the ground for new types of NA inhibitors, that can
be available, if resistance emerges. An interesting aspect was that improved sampling of binding
pocket states was achieved, in contrast to studies focusing on single proteins. This was explained by
either the molecular crowding effect of the whole lipid envelope, or alternatively the number of NA
molecules (30x4) over which conformations were sampled. This work also presents a novel
integrative modelling strategy for antiviral drug development targeting enveloped viruses.

Likewise, in a previous integrative structural modelling study, sialic acid (SIA) association rates to the
HA and NA active site and secondary binding site to the entire viral surface were modelled and
simulated. Based on the predicted association results from the SIA simulation complexes, the
authors outline how targeting the secondary NA site presents new opportunities for drug
development by disrupting the HA/NA functional balance [59].

Conclusion and Future Perspective

The studies reviewed highlight some of the latest applications and impact of molecular modelling
over the years in antiviral discovery. Examples of combined approaches that researchers have taken
increase the chance of identifying the most promising targets and compounds for drug
development. Many of the aforementioned studies have also elucidated atomic level detail on
structure and dynamics of influenza A protein targets and emphasise how drug discovery could
benefit from incorporating these techniques. In addition to the physico-chemical considerations of
macromolecular conformations and molecule binding, the rapid rate of evolution of the influenza
virus was addressed focussing drug discovery efforts at conserved binding sites.

Given the various molecular modelling methods available to choose from, it raises the question of
how to implement the most suitable for a drug discovery project. Furthermore, the software and
parameters to use also need to be carefully selected. On one hand, sufficient (enhanced) sampling
followed by accurate binding affinity calculations of protein-ligand complexes could be considered as
best practice and theoretically should provide better estimates and assessment of biomolecular
motion and interactions. On the other hand, a simple and more computationally efficient procedure
such as docking a ligand to a static protein structure with prior knowledge of an appropriate binding
site could possibly be sufficient for antiviral discovery. In order to address this question, positive and
negative controls should be included into the modelling process. While controls are standard
practice in wet-lab experiments, published computer-lab experiments have not widely applied this
principle. In either case, predictions need to be validated experimentally to provide proof of binding
and antiviral activity in order to justify the choice of method and guide further work.



References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

[12]

(13]

(14]

(15]

Shin, W., & Seong, B.L. (2019). Novel antiviral drug discovery strategies to tackle drug-
resistant mutants of influenza virus strains. Expertert Opinion on Drug Discovery, 14, 153—68.
https://doi.org/10.1080/17460441.2019.1560261.

Stiver, G. (2003). The treatment of influenza with antiviral drugs. Canadian Medical
Association Journal, 168, 49-56.

Lampejo, T. (2020). Influenza and antiviral resistance: an overview. European Journal of
Clinical Microbiology & Infectious Diseases, 1-8.

Shiraki, K., & Daikoku, T. (2020). Favipiravir, an anti-influenza drug against life-threatening
RNA virus infections. Pharmacology and Therapeutics, 209, 107512.
https://doi.org/10.1016/j.pharmthera.2020.107512.

O’Hanlon, R., & Shaw, M.L. (2019). Baloxavir marboxil: the new influenza drug on the market.
Current Opinion in Virology, 35, 14-8. https://doi.org/10.1016/j.coviro.2019.01.006.

Finberg, R.W. et al., (2019). Phase 2b study of pimodivir (JNJ-63623872) as monotherapy or in
combination with oseltamivir for treatment of acute uncomplicated seasonal influenza A:
TOPAZ trial. Journal of Infectious Diseases, 219, 1026—34.
https://doi.org/10.1093/infdis/jiy547.

Ali, S.O. et al., (2018). Evaluation of MEDI8852, an Anti-Influenza A Monoclonal Antibody, in
Treating Acute Uncomplicated Influenza. Antimicrobial Agents and Chemotherapy, 62, 1-15.

Hershberger, E. et al., (2019). Safety and efficacy of monoclonal antibody VIS410 in adults
with uncomplicated influenza A infection: Results from a randomized, double-blind, phase-2,
placebo-controlled study. EBioMedicine, 40, 574-82.
https://doi.org/10.1016/j.ebiom.2018.12.051.

Willems, H., De Cesco, S., & Svensson, F. (2020). Computational Chemistry on a Budget:
Supporting Drug Discovery with Limited Resources. Journal of Medicinal Chemistry, 63,
10158-69. https://doi.org/10.1021/acs.jmedchem.9b02126.

Itzstein, M. et al., (1993). Rational design of potent sialidase-based inhibitors of influenza
virus replication. Nature, 363, 418-23.

Du, J., Cross, T.A., & Zhou, H.X. (2012). Recent progress in structure-based anti-influenza drug
design. Drug Discovery Today, 17, 1111-20. https://doi.org/10.1016/j.drudis.2012.06.002.

Ganesan, A., Coote, M.L., & Barakat, K. (2017). Molecular dynamics-driven drug discovery:
leaping forward with confidence. Drug Discovery Today, 22, 249—-69.
https://doi.org/10.1016/J.DRUDIS.2016.11.001.

Murgueitio, M.S., Bermudez, M., Mortier, J., & Wolber, G. (2012). In silico virtual screening
approaches for anti-viral drug discovery. Drug Discovery Today: Technologies, 9, 219-25.
https://doi.org/10.1016/j.ddtec.2012.07.009.

Zhao, H., & Caflisch, A. (2015). Molecular dynamics in drug design. European Journal of
Medicinal Chemistry, 91, 4—14. https://doi.org/10.1016/j.ejmech.2014.08.004.

Mortier, J. et al., (2015). The impact of molecular dynamics on drug design: applications for
the characterization of ligand—macromolecule complexes. Drug Discovery Today, 20, 686—



(16]

(17]

(18]

[19]

(20]

[21]

(22]

(23]

[24]

[25]

(26]

(27]

(28]

[29]

702. https://doi.org/10.1016/J.DRUDIS.2015.01.003.

Gonczarek, A. et al., (2018). Interaction prediction in structure-based virtual screening using
deep learning. Computers in Biology and Medicine, 100, 253-8.
https://doi.org/10.1016/j.compbiomed.2017.09.007.

Pereira, J.C., Caffarena, E.R., & Dos Santos, C.N. (2016). Boosting Docking-Based Virtual
Screening with Deep Learning. Journal of Chemical Information and Modeling, 56, 2495-506.
https://doi.org/10.1021/acs.jcim.6b00355.

Jiménez, J., Skali¢, M., Martinez-Rosell, G., & De Fabritiis, G. (2018). KDEEP: Protein-Ligand
Absolute Binding Affinity Prediction via 3D-Convolutional Neural Networks. Journal of
Chemical Information and Modeling, 58, 287-96. https://doi.org/10.1021/acs.jcim.7b00650.

Wallach, 1., & Heifets, A. (2018). Most Ligand-Based Classification Benchmarks Reward
Memorization Rather than Generalization. Journal of Chemical Information and Modeling, 58,
916-32. https://doi.org/10.1021/acs.jcim.7b00403.

Chen, L. et al., (2019). Hidden bias in the DUD-E dataset leads to misleading performance of
deep learning in structure-based virtual screening. PLoS One, 14, 1-22.
https://doi.org/10.1371/journal.pone.0220113.

Elisée, E. et al., (2019). Performance evaluation of molecular docking and free energy
calculations protocols using the D3R Grand Challenge 4 dataset. Journal of Computer Aided
Molecular Design, 33, 1031-43. https://doi.org/10.1007/s10822-019-00232-w.

Bernetti, M., Masetti, M., Rocchia, W., & Cavalli, A. (2019). Kinetics of Drug Binding and
Residence Time. Annual Review of Physical Chemistry, 70, 143-71.
https://doi.org/10.1146/annurev-physchem-042018-052340.

Patel, H., & Kukol, A. (2017). Evolutionary conservation of influenza A PB2 sequences reveals
potential target sites for small molecule inhibitors. Virology, 509, 112-120.
https://doi.org/10.1016/].virol.2017.06.009.

Kukol, A. (2017). Combining biology and chemistry to target the flu virus. Beau Bassin: Lap
Lambert Academic Publishing.

Bhoye, D., Behera, A.K., & Cherian, S.S. (2016). A molecular modelling approach to
understand the effect of co-evolutionary mutations (V344M, 1354L) identified in the PB2
subunit of influenza A 2009 pandemic HIN1 virus on m7 GTP ligand binding. Journal of
General Virology, 97, 1785-96. https://doi.org/10.1099/jgv.0.000500.

Lejal, N. et al., (2013). Structure-based discovery of the novel antiviral properties of naproxen
against the nucleoprotein of influenza A virus. Antimicrobial Agents & Chemotherapy, 57,
2231-42. https://doi.org/10.1128/AAC.02335-12.

Patel, H., & Kukol, A. (2019). Prediction of ligands to universally conserved binding sites of the
influenza A virus nuclear export protein. Virology, 537, 97-103.
https://doi.org/10.1016/].virol.2019.08.013.

Tintori, C. et al., (2014). High-throughput docking for the identification of new influenza A
virus polymerase inhibitors targeting the PA-PB1 protein-protein interaction. Bioorganic &
Medicinal Chemistry Letters, 24, 280-2. https://doi.org/10.1016/j.bmcl.2013.11.019.

Han, N., & Mu, Y. (2013). Plasticity of 150-Loop in Influenza Neuraminidase Explored by

10



(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

(42]

Hamiltonian Replica Exchange Molecular Dynamics Simulations. PLoS One, 8.
https://doi.org/10.1371/journal.pone.0060995.

Zhao, Z.X. et al., (2019). Discovery of novel acylhydrazone neuraminidase inhibitors. European
Journal of Medicinal Chemistry, 173, 305—13. https://doi.org/10.1016/j.ejmech.2019.04.006.

Wang, Y.T., & Chen, Y.C. (2014). Insights from QM/MM modeling the 3D structure of the 2009
H1N1 influenza A virus neuraminidase and its binding interactions with antiviral drugs.
Molecular Informatics, 33, 240-9. https://doi.org/10.1002/minf.201300117.

Wang, J. et al., (2011). Molecular dynamics simulation directed rational design of inhibitors
targeting drug-resistant mutants of influenza A virus M2. Journal of the American Chemical
Society, 133, 12834-41.

Sakai, Y., Kawaguchi, A., Nagata, K., & Hirokawa, T. (2018). Analysis by metadynamics
simulation of binding pathway of influenza virus M2 channel blockers. Microbiology and
Immunology, 62, 34-43. https://doi.org/10.1111/1348-0421.12561.

Wu, Y. et al., (2014). Flipping in the pore: Discovery of dual inhibitors that bind in different
orientations to the wild-type versus the amantadine-resistant s31n mutant of the influenza A
virus M2 proton channel. Journal of the American Chemical Society, 136, 17987-95.
https://doi.org/10.1021/ja508461m.

Hussein, H.A. et al., (2020). Molecular Dynamics Simulations of Influenza A Virus NS1 Reveal a
Remarkably Stable RNA-Binding Domain Harboring Promising Druggable Pockets. Viruses, 12,
1-17.

Yoshino, R, Yasuo, N., & Sekijima, M. (2019). Molecular Dynamics Simulation reveals the
mechanism by which the Influenza Cap-dependent Endonuclease acquires resistance against
Baloxavir marboxil. Scientific Reports, 9, 17464. https://doi.org/10.1038/s41598-019-53945-
1.

Barbezange, C. et al., (2018). Seasonal Genetic Drift of Human Influenza A Virus Quasispecies
Revealed by Deep Sequencing. Frontiers in Microbiology, 9, 2596.
https://doi.org/10.3389/fmicb.2018.02596.

Hu, Y., Sneyd, H., Dekant, R., & Wang, J. (2018). Influenza A virus nucleoprotein: a highly
conserved multifunctional viral protein as a hot antiviral drug target. Current Topics of
Medicinal Chemistry, 17, 2271-85.
https://doi.org/10.2174/1568026617666170224122508.Influenza.

Feixas, F., Lindert, S., Sinko, W., & McCammon, J.A. (2014). Exploring the role of receptor
flexibility in structure-based drug discovery. Biophysical Chemistry, 186, 31-45.
https://doi.org/10.1016/j.bpc.2013.10.007.

Bottegoni, G. et al., (2011). Systematic exploitation of multiple receptor conformations for
virtual ligand screening. PLoS One, 6(5): e18845.
https://doi.org/10.1371/journal.pone.0018845.

Bottegoni, G., Kufareva, |., Totrov, M., & Abagyan, R. (2009). Four-dimensional docking: A fast
and accurate account of discrete receptor flexibility in ligand docking. Journal of Medicinal
Chemistry, 52, 397—-406. https://doi.org/10.1021/jm8009958.

Genheden, S., & Ryde, U. (2015). The MM/PBSA and MM/GBSA methods to estimate ligand-
binding affinities. Expert Opinion on Drug Discovery, 10, 449-61.

11



(43]

[44]

(45]

[46]

[47]

(48]

[49]

(50]

(51]

(52]

(53]

(54]

[55]

(56]

(57]

https://doi.org/10.1517/17460441.2015.1032936.

Jorgensen, W.L. (2009). Efficient drug lead discovery and optimization. Accounts of Chemical
Research, 42, 724-33. https://doi.org/10.1021/ar800236t.

Kukol, A. (2011). Consensus virtual screening approaches to predict protein ligands. European
Journal of Medicinal Chemistry, 46, 4661—4. https://doi.org/10.1016/j.ejmech.2011.05.026.

Hale, B.G., Randall, R.E., Ortin, J., & Jackson, D. (2008). The multifunctional NS1 protein of
influenza A viruses. Journal of General Virology, 89, 2359-76.
https://doi.org/10.1099/vir.0.2008/004606-0.

Engel, D.A. (2013). The influenza virus NS1 protein as a therapeutic target. Antiviral Research,
99, 409-16. https://doi.org/10.1016/j.antiviral.2013.06.005.

Hospital, A., Goii, J.R., Orozco, M., & Gelpi, J.L. (2015). Molecular dynamics simulations:
advances and applications. Advances and Applications in Bioinformatics and Chemistry, 8,
37-47. https://doi.org/10.2147/AABC.S70333.

Bernardi, R.C., Melo, M.C.R., & Schulten, K. (2015). Enhanced sampling techniques in
molecular dynamics simulations of biological systems. Biochimica et Biophysica Acta, 1850,
872-7. https://doi.org/10.1016/j.bbagen.2014.10.019.

De Vivo, M., Masetti, M., Bottegoni, G., & Cavalli, A. (2016). Role of Molecular Dynamics and
Related Methods in Drug Discovery. Journal of Medicinal Chemistry, 59, 4035-4061.
https://doi.org/10.1021/acs.jmedchem.5b01684.

Amaro, R.E. et al., (2011). Mechanism of 150-cavity formation in influenza neuraminidase.
Nature Communications, 2, 388. https://doi.org/10.1038/ncomms1390.

Wang, J. et al., (2011). Molecular dynamics simulation directed rational design of inhibitors
targeting drug-resistant mutants of influenza A virus M2. Journal of the American Chemical
Society, 133, 12834-41. https://doi.org/10.1021/ja204969m.

Musharrafieh, R. et al., (2020). Investigation of the Drug Resistance Mechanism of M2-S31N
Channel Blockers through Biomolecular Simulations and Viral Passage Experiments. ACS
Pharmacology & Translational Science, 3, 666—75. https://doi.org/10.1021/acsptsci.0c00018.

Yuan, P. et al., (2009). Crystal structure of an avian influenza polymerase PA N reveals an
endonuclease active site. Nature, 458, 909-13. https://doi.org/10.1038/nature07720.

Dias, A. et al., (2009). The cap-snhatching endonuclease of influenza virus polymerase resides
in the PA subunit. Nature, 458, 914-8. https://doi.org/10.1038/nature07745.

DuBois, R.M. et al., (2012). Structural and Biochemical Basis for Development of Influenza
Virus Inhibitors Targeting the PA Endonuclease. PLoS Pathogens, 8, e1002830.
https://doi.org/10.1371/journal.ppat.1002830.

Nannetti, G. et al., (2019). Potent and broad-spectrum cycloheptathiophene-3-carboxamide
compounds that target the PA-PB1 interaction of influenza virus RNA polymerase and possess
a high barrier to drug resistance. Antiviral Research, 165, 55—-64.
https://doi.org/10.1016/j.antiviral.2019.03.003.

Durrant, J.D., Bush, R.M., & Amaro, R.E. (2016). Microsecond Molecular Dynamics Simulations
of Influenza Neuraminidase Suggest a Mechanism for the Increased Virulence of Stalk-

12



Deletion Mutants. Journal of Physical Chemistry B, 120, 8590-9.
https://doi.org/10.1021/acs.jpcb.6b02655.

[58] Durrant, J.D. et al., (2020). Mesoscale All-Atom Influenza Virus Simulations Suggest New
Substrate Binding Mechanism. ACS Central Science, 6, 189-96.
https://doi.org/10.1021/acscentsci.9001071.

[59] Amaro, R.E. et al., (2018). A Computational Assay that Explores the
Hemagglutinin/Neuraminidase Functional Balance Reveals the Neuraminidase Secondary Site
as a Novel Anti-Influenza Target. ACS Central Science, 4, 1570-7.
https://doi.org/10.1021/acscentsci.8b00666.

[60] Russell, R.J. et al., (2006). The structure of H5N1 avian influenza neuraminidase suggests new
opportunities for drug design. Nature, 443, 45-9. https://doi.org/10.1038/nature05114.

[61] Omoto, S. et al., (2018). Characterization of influenza virus variants induced by treatment
with the endonuclease inhibitor baloxavir marboxil. Scientific Reports, 8, 9633.
https://doi.org/10.1038/s41598-018-27890-4.

[62] Clark, M.P. et al., (2014). Discovery of a novel, first-in-class, orally bioavailable azaindole
inhibitor (VX-787) of influenza PB2. Journal of Medicinal Chemistry, 57, 6668—78.
https://doi.org/10.1021/jm5007275.

[63] Kallewaard, N.L. et al., (2016). Structure and Function Analysis of an Antibody Recognizing All
Influenza A Subtypes. Cell, 166, 596—608. https://doi.org/10.1016/j.cell.2016.05.073.

[64] Sayle, R.A., & Milner-White, E.J. (1995). RASMOL: biomolecular graphics for all. Trends in
Biochemical Sciences, 20, 374.

Table 1. An overview of selected studies using MD/Docking including a list of structures and
identified antiviral inhibitors.

Figure 1. Current influenza A antiviral targets a) Neuraminidase (NA) (PDB: 2HUO [60]), b) Acid
Polymerase (PA) (PDB: 6FS6 [61]), c) Basic polymerase 2 (PB2) (PDB: 4P1U [62] and d)
Haemagglutinin (HA) (PDB: 5JW4 [63] in complex with inhibitor compounds in red. This figure was
made with Rasmol [64].

Figure 2. Flow chart illustrating the integration of some of the most consistently used molecular
modelling approaches to predict and discover potential antiviral drugs using molecular docking.
(PDB, Protein Data Bank; PCA, Principle Component Analysis; MSM, Markov State Modelling, MM-
PBSA, Molecular Mechanics Poisson Boltzmann Surface Area; MM-GBSA, Molecular Mechanics
Generalised Born Surface Area).

Figure 3. Overlap between predicted binding sites (green spheres) and amino acid sequence
conservation for a partially modelled structure of the influenza A nuclear export protein. Reprinted
from [27] with permission from Elsevier under STM guidelines.
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Table 1. An overview of selected studies using MD/Docking including a list of structures and
identified antiviral inhibitors.

Target MD simulation/screening Antiviral drugs/ Compounds Refs

protein protocol(s) identified tested in
compounds wet-lab assay

NP Virtual screening followed by Naproxen Yes [26]

NP-ligand MD simulation

NA REMD with RMSD, volumetric, [29]
clustering and principle
component analyses

Virtual screening, NA-ligand MD 6a Yes [30]
simulation, MM-GBSA and MM-
PBSA
MD with QM/MM [31]
M2 MD simulation of wild type and  Spirane amine Yes [32]
drug-resistant M2 compounds
Metadynamics [33]
M2-ligand MD simulation Compound 11 Yes [34]
NEP Standard MD, clustering, RMSF,  ZINC01564229, No [27]
virtual screening ZINC01717023,
Nandrolone
phenylpropionate
NS1 Standard MD, clustering, RMSF [35]
PA PA-ligand MD simulation with [36]
MM-GBSA
PA-PB1 PA-PB1 MD simulation with Compounds of Yes [28]
MM-GBSA, virtual screening the 3- cyano-4,6-

diphenyl-pyridine
family
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