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INTRODUCTION

Background and Context. The main constraint on developing new antiviral medications is
time: the process takes months, sometimes years, and during that interval a new or antigenically
drifted strain spreads and evades existing means. Small-molecule antivirals are the first line for
containing severe infection and limiting morbidity until immunization becomes available, yet new
antigenically distinct and drug-resistant variants keep emerging, and the interval between a strain's
appearance and the availability of an active inhibitor is itself part of the clinical burden [Tao et al.
2021]. Shortening the discovery workflow is therefore a primary therapeutic goal, and physics- and
machine-learning-based computational methods have become the principal way of addressing it.

Structure-based drug discovery (SBDD) combines techniques such as virtual screening and de
novo design that rely on a protein's known three-dimensional structure to shorten discovery by
searching for or designing new, potentially active compounds in silico. Deep-learning-accelerated
screening has analyzed libraries of more than a billion compounds against a single viral protein in
the time a wet-lab campaign would need for a few hundred [Ton et al. 2020]. The machine learning-
driven de novo design goes further: rather than ranking members of a fixed library, an agent
constructs novel chemical entities and optimizes them against several physicochemical objectives
simultaneously [Popova et al. 2018]. Both families rest on a single, understudied premise that they
act upon one three-dimensional model of the protein.

That premise matters, because a viral drug target has no single, rigid geometry. For a target of
interest, the Protein Data Bank holds tens to hundreds of crystallographic holo- and apo-structures
that differ in flap geometry, in how open each subsite is, and in the electrostatic character of the
binding cavity [Kneller et al. 2020]. A compound can score well against one conformation and
poorly against another of the very same enzyme, and a single conformation often fails to reproduce
even the experimentally determined binding pose [Amaro et al. 2018]. The choice of which crystal
structure to screen or design against therefore largely determines the outcome [McGovern &
Shoichet 2003], yet in everyday practice that choice is made on crystallographic quality parameters
like resolution, R-factors, or the number of Ramachandran outliers, which, as this work shows, do
not predict a structure's competence for screening or design. Whether a conformation enriches active
compounds depends on concrete features of its active site, and this defines the competent-
conformation selection problem for structure-based drug design.
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Figure 1. Graphical abstract.

Q-Pocket summarizes the conformational diversity of a protein target by representing multiple
crystal structures into a compact set of representative binding-site point clouds. These pocket
representations support benchmarking, virtual screening, and de novo molecular design across
therapeutically relevant targets, facilitating the discovery of small-molecule drug candidates.
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This selection problem is the central subject of the dissertation. We developed Q-Pocket, an
alignment-free framework that represents each binding site as a physicochemically annotated point
cloud and reduces a target's whole crystallographic ensemble to a handful of representative
conformational states (Figure 1). We built the framework, and demonstrated its central claim, on
the SARS-CoV-2 main protease (Mpro), the HIV-1 protease (HIV-1 PR) active site, a pocket that
forms between the enzyme's two chains and offers a more challenging target with more structures
deposited in the PDB, and finally applied it to guide the discovery of active inhibitors against Mpro
and against influenza neuraminidase (NA), which we confirmed both in vitro and in vivo.

Research Aim and Objectives. The aim of this work is to establish, and to experimentally
validate, a systematic and physicochemically grounded framework for selecting representative
protein conformations for structure-based antiviral drug design and discovery. This aim was
organised into four objectives.

Objective 1.  Establish a benchmarking framework for the selection of representative protein
structures for in silico antiviral drug discovery: a binding-site representation encoding
chemistry and geometry independently of backbone superposition, a distance metric and
clustering procedure partitioning an ensemble into representative states, and a
reproducible pipeline.

Objective 2.  Systematically evaluate all available crystallographic holo-structures of a
defined target and identify the binding-site conformational determinants that govern
virtual-screening performance, including whether crystallographic quality predicts that
performance.

Objective 3.  Apply the selected representative conformations within advanced virtual
screening (AVS) and reinforcement-learning (RL) de novo design campaigns and confirm
the computational predictions through experimental measurement.

Objective 4. Showcase the framework for targets of moderate sequence homology through a
pan-influenza neuraminidase inhibitor discovery campaign spanning influenza A and B.

Scientific Novelty. A validated framework has been developed to represent target's
crystallographic holo-ensemble as a set of physicochemically annotated binding-site point clouds
with further reduction to a small number of representative conformational states. The procedure is
alignment-free and uses side-chain chemistry and cavity electrostatics rather than backbone
geometry.

Crystallographic quality and virtual-screening competence are shown to be mutually
independent properties of a structure: across 342 Mpro holo-structures certain conformations
underperform on enrichment, ROC-AUC, and pose prediction, and they do so reproducibly across
three independent docking engines, so the deficiency is a property of the structure itself and not of
the method. Because the underperforming structures have well-defined structural features, this gives
a computable rather than statistical criterion for including or excluding a conformation.

The framework’s applicability has been shown on the HIV-1 PR active site, a pocket formed
within the homodimer interface and well characterised in the PDB (684 structures retrieved and
featurized). Eight populated conformational states were identified, four of which account for 85%
of all structures. The framework was tested experimentally against two targets, the final validation
being de novo-designed neuraminidase inhibitors that show activity against both influenza A and B
viruses (IAV, IBV), retained potency against the oseltamivir-resistant H275Y variant. Compounds
showed high survival rates of mice in an animal model, meanwhile being dissimilar to oseltamivir
(a mean Tanimoto coefficient of 0.13).

Scientific and Practical Significance. The main contribution of this work is the developed
methodology and platform to turn conformation selection from an informal checkbox guided by
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crystallographic quality into a defined, benchmarkable stage of the structure-based discovery
workflow. A target's holo-ensemble is finite and collapses to a small number of representative states,
so the correct input to virtual screening and de novo design is that representative ensemble rather
than a single structure chosen based on statistical quality metrics. Selecting on demonstrated
structural competence rather than on resolution should lower the false-negative rate of screening
campaigns aimed at viral proteins and comparable targets. The practical value is demonstrated
through in silico, in vitro, and in vivo validation: representative-conformation selection helped
identify micromolar Mpro inhibitors confirmed in an enzymatic assay and defined the representative
structures for a de novo neuraminidase campaign whose leads inhibited the neuraminidases of 1AV
and IBV, including the oseltamivir-resistant H275Y mutant.

Approbation of the Work. The main results of the research were presented at “COST Actions
BEST-CSP workshop” 9-11 September 2024, Warsaw, Poland and “European Bioinformatics
Institute” 27-28 October 2022, Cambridge, UK, and at the meetings of the Scientific Council of the
Institute of Molecular Biology NAS RA.

Volume and Structure. The dissertation comprises 103 pages of computer-formatted English
text, including 7 tables, 35 figures, 10 equations and 174 references, and consists of the following
sections: Introduction, Literature Review, Materials and Methods, Results and Discussion,
Conclusion, Inferences, and References.

Publications. The main results of the dissertation are published in four peer-reviewed papers.

MATERIALS AND METHODS

Structural datasets and curation. We assembled crystallographic datasets for each studied
target directly from the Protein Data Bank [Berman et al. 2000] using the Q-Pocket retrieval and
curation utility. For SARS-CoV-2 Mpro we collected holo-structures at < 2.5 A resolution and
filtered out single-atom and oligopeptide ligands, ligands bound outside the catalytic site, and
structures with missing binding-site residues. Water and biologically not relevant heteroatoms were
stripped and the A chain kept. For the retrieval of HIVV-1 PR dataset, 1HSG was used as the reference
structure. The resolution threshold and a sequence-identity threshold were set < 2.50 A and > 90%
correspondingly. Further, all structures with missing homodimer chain were discarded. Retrieved
structures were renumbered to match the numbering of the UniProt P04585 entry. For
neuraminidase data retrieval, we used the reference structure 6GO01 (influenza A HIN1) with a <
2.50 A cut-off and a relaxed homology threshold (> 20%) to match the influenza A and B subtypes,
then applied biological filters to retain wild-type influenza A HxN1 and influenza B entries.

The Q-Pocket framework. Q-Pocket represents a binding site not by its backbone coordinates
but by the chemistry and geometry of the cavity itself. Each site is a point cloud of grid points at
0.70 A spacing filling the solvent-accessible cavity (CavitOmiX v.1.0, Innophore GmbH), every
point carrying six physicochemical descriptors (Figure 2): electrostatic potential, obtained by
solving the linearized Poisson—Boltzmann equation with APBS [Baker et al. 2001; Jurrus et al.
2018] using PARSE partial charges [Sitkoff et al. 1994], a Coulomb potential, a lipophilic potential,
hydrogen-bond donor and acceptor densities, and an aromatic bonding density. Because these fields
describe the chemistry of the cavity, two structures with an identical global fold but chemically
distinct cavities receive distinct descriptors, independently of backbone RMSD. The Q-Pocket is
implemented as an open-source Python package built on SciPy, scikit-learn [Pedregosa et al. 2011]
and RDKit [Landrum 2023].
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Figure 2. Point cloud representation and featurization of binding pocket within Q-Pocket
framework.

The cavity volume is defined as a set of N points, where each point has a three-dimensional
coordinate X; and an associated feature vector a;. The mapped physicochemical features include
electrostatic, Coulomb, lipophilic, and interaction potentials, with color scales indicating their
relative magnitudes across the volume.

To respect the geometry of the cavity surface, we used geodesic graph representations via
connecting the points of each cloud into an e-ball graph and computed all point-to-point geodesic
distances with Dijkstra's algorithm [Dijkstra 1959]. The geodesic distances were converted to
affinities through a Gaussian heat kernel and reduced to the symmetric normalized graph Laplacian
[von Luxburg 2007; Belkin & Niyogi 2003], its low-frequency eigenvalues form the pocket's shape
signature, while the graph-Fourier power spectrum [Shuman et al. 2013] of the six physicochemical
fields forms its chemistry signature. For every pair of pockets these fingerprints were combined into
a single spectral distance summing a geometric and a chemical term, with fixed weights applied
unchanged across every target so that no result depends on target-specific tuning (Table 1). We
clustered the pairwise distance matrix by affinity propagation [Frey & Dueck 2007], which returns
exemplar structures directly and reports singletons as noise points. Alternative clustering and
representative selection algorithms were also implemented [Rousseeuw 1987; Kaufman &
Rousseeuw 1990].

Interaction and chemical-space profiling. We analyzed protein—ligand interactions across all
evidenced small-molecule binders with PLIP [Salentin et al. 2015; Adasme et al. 2021] and reported
them by interaction type and occurring frequency. To analyze the chemical space of the unique
inhibitors we calculated Morgan fingerprints (radius 2, 2048 bits) for each and used the pairwise
Tanimoto distance matrix (computed with RDKit [Landrum 2023]) for diversity analysis. For
unique ligands additional properties like molecular weight, logP by the Wildman—Crippen method
[Wildman & Crippen 1999], TPSA, and hydrogen-bond and rotatable-bond counts were computed.

6



Table 1. Default parameters of the Q-Pocket spectral-distance framework.

Parameter Symbol Default
Point-cloud grid spacing — 0.70 A
Geodesic-graph neighbor radius r 20A
Heat-kernel bandwidth g 10.0
Retained Laplacian eigenmodes K 100
Feature-normalization clip — +5 (standard deviations)
Shape weight a 0.85
Chemical-term scale B 12,5
Maximum pocket size (larger excluded) — 5000 points
Affinity-propagation damping — 0.9
Affinity-propagation iterations — 300
Medoid clustering: maximum clusters searched Kmax 10

Structural clustering and backbone flexibility. For the Mpro benchmark, we superimposed
and hierarchically clustered the Co coordinates of the interacting binding-site residues with the
Bio3D R package (1.2 A cut-off) [Grant et al. 2006; Skjarven et al. 2014], giving a backbone-
geometry grouping to set against the chemistry-based Q-Pocket clustering. We quantified backbone
flexibility by atomic fluctuation and ensemble normal-mode analysis with an elastic-network model
[Kolossvary 2024].

Docking, benchmarking, and advanced virtual screening. We used UCSF Chimera
[Pettersen et al. 2004] and the Schrédinger Protein Preparation Wizard under the OPLS force field
[Schrédinger LLC 2020; Harder et al. 2016; Jorgensen & Tirado-Rives 1988] to prepare the receptor
structures for further studies. To assess docking sensitivity to receptor conformation, we docked a
benchmarking library of the active ligands plus property-matched decoys generated with DUD-E
[Mysinger et al. 2012] using three independent programs that apply different search and scoring
algorithms: the open-source AutoDock Vina [Trott & Olson 2010] and rDock [Ruiz-Carmona et al.
2014], and the commercial Glide [Friesner et al. 2004]. We computed the enrichment factor, ROC-
AUC, and BEDROC (o = 20) with scikit-learn [Pedregosa et al. 2011] and scored a 2 A pose-
prediction success rate separately. For the prospective Mpro screen, we clustered known inhibitors
from ChEMBL and BindingDB [Gaulton et al. 2012; Gilson et al. 2016] on topological fingerprints
and used them to build ligand-based pharmacophores in LigandScout [Wolber & Langer 2005]. We
screened the selected model against roughly 200 million commercial compounds through the
Pharmit server [Sunseri & Koes 2016], docked the matches into eight representative Mpro structures
with two engines, the Monte-Carlo-based ICM-Pro and AutoDock Vina [Abagyan et al. 1994; Trott
& Olson 2010], and summed the ranks across structures and engines (ensemble and consensus
docking).

Reinforcement-learning de novo design. We generated novel neuraminidase inhibitors de
novo with a deep reinforcement-learning platform [Matevosyan et al. 2022] formulated as a Markov
decision process that begins from a single benzene ring and assembles novel scaffolds without
external training data, scoring each modification to shape the reward. We then filtered the generated
population by synthetic accessibility [Ertl & Schuffenhauer 2009], quantitative estimate of drug-
likeness [Bickerton et al. 2012], structural alerts, and vendor availability, and ranked it by
MM/PBSA binding free energy against the influenza A and B neuraminidases.
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Molecular dynamics. We assessed binding-mode stability and end-state free energies by
molecular dynamics, using the Uni-GBSA workflow (Amber03/GAFF2) for the Mpro screen
[Sahakyan 2021; Yang et al. 2023] and GROMACS 2023.1 (ff14SB/GAFF) for the neuraminidase
leads [Abraham et al. 2015; Maier et al. 2015; Wang et al. 2004], under SHAKE constraints
[Ryckaert et al. 1977], and computed MM/PBSA energies with gmx_MMPBSA [Valdés-Tresanco
et al. 2021].

Experimental methods. We measured neuraminidase inhibition with the NA-Fluor MUNANA
assay and Mpro inhibition in a FRET-based protease assay (25 nM enzyme, 25 uM substrate),
determined antiviral activity and cytotoxicity in MDCK cells (EC50, CC50), and assessed in vivo
efficacy in lethally infected BALB/c mice (approval #14062023/1). We analyzed the data in
GraphPad Prism and plotted the computational results with Matplotlib [Hunter 2007].

The framework is openly available at https://github.com/hamlet-khachatryan/QPocket under the
MIT license.

RESULTS AND DISCUSSION
The Q-Pocket framework and the receptor-selection problem on SARS-CoV-2 Mpro
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Figure 3. (A) Dendrogram clustering 342 Mpro holo-structures by RMSD of the alpha-carbon
coordinates of interacting amino acids (B) Chemical diversity of the ligands within each

cluster.
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To characterize the conformational landscape of the SARS-CoV-2 main protease, we retrieved
all deposited holo-structures at < 2.5 A resolution (resulting in 454 structures), which filtering on
ligand type and binding-site criteria reduced to 342. Hierarchical clustering of the Ca coordinates
of the interacting binding-site residues (Bio3D, 1.2 A cut-off) [Grant et al. 2006; Skjerven et al.
2014] yielded eight clusters (Figure 3), and we selected one representative structure per cluster by
proximity to the cluster centroid. 297 unique co-crystallized ligands were identified. Analysis of
unique ligands showed that they span a wide range of chemotypes, the largest being narlaprevir
(709.44 g/mol). The PLIP interaction analysis revealed that more than the half of unique ligands
interacted with His4l, Gly143, Cys145, Glul66, and GIn189, the residues forming the catalytic
dyad, oxyanion hole, and S1/S3-S4 subsites [Salentin et al. 2015; Adasme et al. 2021]. Of the 297
ligands, 187 (63%) were covalent binders targeting the Cys145 thiol through the reversible
thioimidate mechanism used by nirmatrelvir-class inhibitors [Owen et al. 2021]. Elastic-network
normal-mode analysis [Kolossvary 2024] found only moderate fluctuations (0.6—1 A) confined to
six regions, with the catalytic His41, Gly143, and Cys145 among the least mobile, so the screening-
performance differences below cannot be attributed to backbone flexibility.

A‘. 9 B‘)

Enrichment Factor
Enrichment Factor

EF 10%

EF 10%

Enrichment Factor

Figure 4. Virtual screening performance evaluation
Virtual screening performance reported as enrichment factors at 1, 3, 5 and 10 %-s are for AutoDock
Vina (A), rDock (B), and Glide (C) on selected representative Mpro structures.

To determine how the choice of conformation affects virtual-screening performance, we
screened a benchmark library of 297 active ligands and 8,910 property-matched decoys (9,207
compounds) against each representative structure with AutoDock Vina [Trott & Olson 2010], rDock
[Ruiz-Carmona et al. 2014], and Glide [Friesner et al. 2004]. Performance varied significantly with
the structure choice, and the performance pattern held across all three metrics and all three engines
(Figure 4): although rDock gave the lowest enrichment overall and Glide the highest, the ranking of
structures was preserved between engines. Structure 7DDC consistently returned the lowest EF
across every program, and 7DDC and 5RHE the lowest ROC-AUC. The same pattern governed
pose prediction: for 7DDC no program recovered a single accurate pose, whereas the highest success
rate (29.02%) was obtained on 7RFS with Glide. Because the underperformance of 5RHE, 7DDC,
and 7DPU reproduces across three independently developed scoring functions, it is a property of
the structures themselves, and it does not track crystallographic quality: the underperforming
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structures are not distinguished by poorer resolution or R-factors, so screening competence must be
treated as a separate, measurable property.

Reducing each representative site to its Q-Pocket point cloud made the origin of the performance
gap apparent (Figure 5).

7VLP

Figure 5. Q-Pocket point cloud representations of selected Mpro structures.

Binding sites are depicted as point clouds withing the binding cavity, each point annotated by its
electrostatic potential. The red surface marks Cys145. Green and yellow arrows indicate the absence
of the S1 subsite in 7DDC and 7DPU and the emergence of an S2 subpocket in 7DDC, 7DPU, and
5RHE respectively.

Two structural differences set the worst structures apart: in 7DDC and 7DPU the S1 subsite was
missing, and in 7DDC, 7DPU, and 5RHE an extra subpocket had opened inside the S2 subsite, and
neither feature is present in the better conformations. To quantify the effect of the missing S1
subsite, we analyzed the shortest distances between the active ligands and the Ca of Ser139, which
lines the S1 subsite, this linked the collapse of S1 to poor recognition of the actives. The deficiency
is therefore structural, not statistical: a conformation that has lost the S1 subsite, or opened an
aberrant S2 subpocket, cannot present the interaction surface the true actives require. Three
conclusions follow. First, crystallographic quality and screening competence are independent
properties, so benchmarking must be treated as a mandatory, separate stage. Second, the verdict is
reproducible across engines, so it travels with the structure and can be reused. Third, the
discriminating features are chemical and geometric properties of the cavity, which is exactly what
the point-cloud representation encodes and a backbone comparison would miss.

Generalization to the HIV-1 protease conformational space

To test whether Q-Pocket generalizes to a harder case, we applied it to the HIV-1 protease,
whose binding site forms between the two homodimer chains rather than within a single domain.
We retrieved 690 crystal structures at > 90% sequence identity and < 2.50 A resolution (687 by X-
ray, three by neutron diffraction), extracted 452 unique inhibitors, and successfully featurized 684
of them. Sequence-guided superposition confirmed a near-invariant global fold (the mean Ca
RMSD to the reference structure THSG was 0.41 + 0.09 A), so any variation the framework detects
is a property of the binding site. Cavity volumes of retrieved structures ranged from 328 to 2,236
A3 (mean 792 A3; Figure 6).
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Figure 6. HIV-1 PR dataset overview.

(A) Co RMSD to 1HSG across the holo and apo states, with dashed lines indicating average values
of the group. (B) Binding-site volumes for the same categories, showing a higher average value for
apo than inhibitor-bound structures. (C) Resolution of all 690 structures (687 X-ray and 3 neutron
crystallography), with the dashed line denoting mean X-ray resolution (1.75 A).

Affinity propagation [Frey & Dueck 2007] over the spectral distance matrix returned 16
exemplars which, under the convention that a cluster is a state only where it has two or more
members, resolve into eight populated conformational states and eight singletons, which we report
explicitly as noise points (Figure 7).
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Figure 7. HIV-1 PR conformational landscape.

UMAP (A) and t-SNE (B) embeddings of per-structure spectral fingerprints, colored by
conformational state, with stars denoting representative exemplars and labels shown for clusters of
>8 members. (C) Per-cluster distributions of binding-site volume (A3).

Four dominant states account for 583 of the 684 structures (85%): C11 (3VFB), the canonical

darunavir-class closed-flap geometry; C09, a closed-flap state of low variability; C08, the most
internally variable; and C12, the most homogeneous. The minor state C13 concentrates the drug-
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resistant variants (17.3% of members against 5.5% dataset-wide), while the singleton C07 (1ZTZ)
is the maximally open, metallacarborane-bound outlier with the largest cavity (2,236 A3).

Across all 684 structures, twelve residues are exposed within the binding cavity in at least 80%
of structures (Leu23, Gly27, Ala28, Asp29, Asp30, Val32, 1le47, Gly48, 11e50, Pro81, Val82, and
Ile84), and together they assemble the catalytic cleft (Asp29/Asp30), the S1/S1’ pocket (Leu23,
Ala28, Val32), the flap tips (Gly48, 11e50), and the S2/S2’ wall (Pro81, Val82, I1e84). Among the
binders, Asp29 carries the highest hydrogen-bond frequency (58.6% and 51.1% for the two chains),
and this core coincides with the established direct-contact resistance-mutation sites of HIV-1 PR.
An inhibitor engaging most of the core therefore remains active against mutant strains, since any
single active-site mutation weakens only one contact while the inhibitor holds at the remaining
eleven. This is the substrate-envelope anchoring that darunavir exploits at the backbone atoms of
Asp29/Asp30 [Ghosh et al. 2016]. Cavity size couples to ligand size (inhibitors above ~600 Da
populate the largest closed-flap state C11, fragments below 400 Da the tighter C09 and C12), yet
the chemical space of the 452 inhibitors, described by Morgan fingerprints computed with RDKit
[Landrum 2023], is effectively continuous (mean pairwise Tanimoto distance 0.73-0.76 within each
dominant state against 0.74 dataset-wide), so no state filters for a particular scaffold, and the active
site is therefore amenable to de novo design without a new conformation having to emerge.

Application to antiviral discovery and experimental confirmation

Having characterised the Mpro landscape, we screened for inhibitors with a workflow
combining a ligand-based pharmacophore with structure-based advanced virtual screening, the
docking stage evaluating candidates against multiple representative Mpro conformations rather than
one. Known Mpro inhibitors (IC50 < 20 pM) from ChEMBL and BindingDB [Gaulton et al. 2012;
Gilson et al. 2016] yielded 155 reliable actives, which clustered into 94 groups. We built two
pharmacophores in LigandScout [Wolber & Langer 2005] and carried forward the nine-feature
model, which was stronger on selectivity and specificity. We screened this model through the
Pharmit server [Sunseri & Koes 2016] against roughly 200 million compounds across six libraries
(MolPort returned the most matches, 385), giving 168 pharmacophore hits. We docked these into
eight representative structures with ICM-Pro and AutoDock Vina [Abagyan et al. 1994; Trott &
Olson 2010], retained 43 by consensus ranking, and re-ranked them by MM/PBSA and ADME-Tox
to a final 16. In an enzymatic assay against recombinant Mpro (nirmatrelvir control 1C50 = 0.013
uM), seven of the sixteen showed IC50 below 100 uM, and the two most potent were ID11 (54.39
uM) and ID35 (59.39 uM). At a hit rate above 40%, well above the roughly 10% typical of standard
virtual screening, this is a substantive outcome. The compounds are early-stage scaffolds for
optimization rather than drug candidates [Pinzi et al. 2021; Dos Santos et al. 2022].

The methodology was then carried to influenza neuraminidase, which provided the in vitro and
in vivo confirmation of the framework. Neuraminidase is a harder case on two counts: the target is
a pair, the neuraminidases of influenza A and B, that share only moderate sequence identity (= 35%
over the aligned catalytic region), and the confirmation sought is not merely enzymatic but antiviral
in cells and protective in animals. A Q-Pocket query returned 209 neuraminidase structures. After
biological filtering, 32 influenza A HxN1 and 23 influenza B structures remained, resolving into
eight clusters (Table 2), and we selected the representative wild-type influenza A structure 6HPO
and the influenza B structure 4CPY for the design campaign. Against these representatives, a deep
reinforcement-learning platform [Matevosyan et al. 2022] generated 60,291 unique compounds
from a benzene seed, 86.5% scoring better than oseltamivir, which successive filters (synthetic
accessibility [Ertl & Schuffenhauer 2009], QED [Bickerton et al. 2012], structural alerts, vendor
availability, MM/PBSA) reduced to 31 chemically diverse leads of minimal resemblance to
oseltamivir (mean Tanimoto 0.13 [Bajusz et al. 2015]). These are non-sialic-acid scaffolds, distinct
from the substrate-mimetic inhibitors that dominate the class (Figure 8).
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Table 2. Descriptions of clusters and representative structure corresponding to influenza A HxN1
subtypes.

PDB ID Cluster 1D Is representative Mutant/Wild Type Subtype
2HTY 0 FALSE Wild H5N1
2HU4 0 FALSE Wild H5N1
3CKz 0 FALSE H274Y H5N1
3CLO 0 TRUE H274Y H5N1
3NSS 1 FALSE Wild HIN1
3TI3 1 FALSE Wild HIN1
3TI4 1 FALSE Wild HIN1
3TI5 1 FALSE Wild HIN1
3TI6 1 FALSE Wild HIN1
6HPO 1 TRUE Wild HIN1
904N 1 FALSE Wild HIN1
4B7) 2 FALSE 1223R HIN1
4B7R 2 TRUE 1223R HIN1
5NWE 2 FALSE H274Y HIN1
5Nz4 2 FALSE 1223V HIN1
5NZE 2 FALSE S247N HIN1
5NZF 2 FALSE H274Y/ 1223V HIN1
5NZN 2 FALSE H274Y/ S247N HIN1
6G01 2 FALSE Wild HIN1
6G02 2 FALSE Wild HIN1
9NJ2 2 FALSE Wild H5N1
5HUG 3 TRUE Wild H5N1
9EJF 4 TRUE Wild HIN1
909V 4 FALSE Wild HIN1
4B7M 5 FALSE 1223R HIN1
9GQQ 5 TRUE Unidentified xN1
9GQT 5 FALSE Unidentified xN1
9HLG 5 FALSE Wild xN1
9GQX 6 TRUE Unidentified xN1
8YVL 7 FALSE Wild HIN1
9HLH 7 FALSE Wild xN1
9HLI 7 TRUE Wild xN1
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Figure 8. Summary of properties of RL-generated compounds and generation workflow.

(A) Reward-score distribution, with the red line marking oseltamivir’s score. (B) Filtration
workflow, showing the applied filters and threshold values. (C) MM/PBSA scores of compounds
and oseltamivir against the 6HPO and 4CPY (D) Average pairwise similarity among the 31
compounds, with the red line indicating average similarity to oseltamivir.

We synthesized nine leads, four of which inhibited the neuraminidase of influenza A
(A/WSN/33), a hit rate above 40%. The two most potent, DS-22-inf-009 and DS-22-inf-021,
inhibited both neuraminidases at low micromolar concentrations (IAV IC50 24.8 and 11.2 uM; IBV
IC50 21.2 and 9.1 uM) and, critically, retained activity against the oseltamivir-resistant H275Y
mutant (IC50 18.2 and 14.7 uM; Figure 9).

A Selected compounds Oseltamivir

100
&= AVHINIWSNAS; ICyq 1 3nM

Inhibition (%)
IR R R )

4
r

Concentration (xM) Concentration (nM)

DS-22-inf-009 DS-22-inf-021
100

C22H22N2038
ight.

Inhibition (%)

k T T
“4 2 0
Concentration (uM)

e

Figure 9. Neuraminidase inhibition (ICso) by the tested compounds against IAV, IBV, and the
H275Y mutant.
(A) Inhibitory effect of the NCEs and oseltamivir on NA enzymatic activity. (B) Inhibition of
H275Y-mutant IAV and native IBV Yamagata-lineage NA activity by DS-22-inf-009 and DS-22-
inf-021. Data are mean + SD.
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Molecular dynamics in GROMACS [Abraham et al. 2015] against the Q-Pocket-selected
structures 6HPO and 4CPY, validated on oseltamivir (whose pose was reproduced to within 0.26
and 0.65 A), showed stable binding (backbone RMSD < 0.2 nm) with oseltamivir-like contacts to
conserved arginine and aspartate residues. Because the leads are not sialic-acid mimics, they do not
depend on the contacts the H275Y substitution disrupts [Moscona 2005a; Gubareva 2004].

In a cells-based assay with MDCK cells, the two compounds inhibited IAV and IBV dose-
dependently (EC50 0.29-2.31 uM) with no measurable cytotoxicity (CC50 > 50 uM) and greater
than 95% reduction in virus yield at 10-50 uM. The cell-based EC50 values fell consistently below
the enzymatic 1C50 values, consistent with genuine target engagement. In the animal model eight-
week-old BALB/c mice (n = 6 per group), infected with IAV (HIN1 pdm09) or IBV and dosed
intraperitoneally for five days, showed dose-dependent survival (Figure 10).
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Figure 10. In vivo therapeutic efficacy of DS-22-inf-009 and DS-22-inf-021 against Influenza virus
infection.

(A-B) Survival curves of mice infected with (A) IAV and (B) IBV following a 5-day, once-daily
regimen of compounds or oseltamivir at varying doses. Mortality was monitored for 14 days post-
infection (Mantel-Cox analysis; significant difference defined as P < 0.01). (C) Pulmonary viral
titers quantified in lung tissue at day 5 post-infection. Data are presented as mean +SD. Statistical
significance relative to the infected control group is indicated by * P < 0.05.

For DS-22-inf-009 against 1AV, survival was 15%, 50%, and 65% at 20, 50, and 100 mg/kg,
and DS-22-inf-021 reached 85% at the top dose, while against IBV the two compounds gave 65%
and 100% at 100 mg/kg. Lung viral titres fell significantly (p < 0.05), and we saw no weight loss or
adverse clinical signs at the efficacious dose. These directly measured in vivo outcomes are the
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strongest evidence in the work that the framework can deliver compounds with confirmed antiviral
activity in an animal model, covering the whole computational pipeline.

Limitations. Q-Pocket operates on the experimentally evidenced conformational ensemble and
can only resolve states that structure determination has sampled. For a sparsely characterised target
the recovered ensemble will be incomplete, and cryptic or transient states seen only by NMR or
molecular dynamics would not appear. This defines a gap and highlights the need for integration of
a simulation-based sampling stage. The benchmarking metrics depend on the composition of the
active and decoy sets, so absolute performance figures are library-specific even though the relative
ranking of structures was reproducible across different docking engines. The experimental
attribution of activity specifically to representative-conformation selection is only partly
established, since screening outcome is also influenced by engine, library, and generation choices.
Finally, generalization has been shown on three enzymes (two proteases and a sialidase), which is
a meaningful but bounded range.

CONCLUSION

This work develops and validates Q-Pocket, a framework that represents a protein binding site
not by its backbone coordinates but by the chemistry and geometry of the cavity itself, and on that
basis reduces the target's experimentally evidenced conformational ensemble to a minimal set of
representative conformations. The Q-Pocket uses sequence-agnostic and alignment-free spectral
distance logic to compare cavities, and its implementation has been systematically demonstrated on
three viral use cases (the SARS-CoV-2 main protease, the HIV-1 protease, and the influenza
neuraminidase) and validated through experimentally confirmed antiviral compounds obtained from
the resulting representative ensembles.

On the SARS-CoV-2 Mpro we established that crystallographic quality and virtual-screening
competence are independent properties of a structure. Certain conformations underperformed on
enrichment, ROC-AUC, and pose prediction reproducibly across three independent docking
engines, so the deficiency is a property of the structure itself rather than an artefact of any single
scoring function. The cause of that was also characterised by structural analysis, which means that
the failure of a conformation has a defined, identifiable basis and that performance benchmarking
must be treated as a mandatory, separate stage of structure selection rather than being inferred from
crystallographic quality metrics.

Q-Pocket was applied also to the HIV-1 protease, which has 684 structures available and a
binding pocket located between two homodimer chains. After clustering, 16 clusters (8 of which
were singletons) were identified, four of which accounted for 85% of all structures, so the use of 4
representatives of those clusters can cover most of evidenced conformational states during SBDD
campaigns. The ensemble is therefore finite and small even for a pocket within a homodimer
interface.

Selection of representative conformations then supported experimental discovery against two
targets. Against Mpro, an advanced virtual screen of approximately 200 million compounds
returned confirmed micromolar-range inhibitors in an enzymatic assay. Against influenza
neuraminidase, a de novo reinforcement-learning campaign produced novel, non-sialic-acid
compounds that inhibited both the influenza A and B neuraminidases, retained activity against the
oseltamivir-resistant H275Y variant, and demonstrated protection in an animal model.

Taken together, the research done for this dissertation converges on a single conclusion: the
choice of receptor conformation is a decisive and benchmarkable input to structure-based antiviral
drug discovery, a target's conformational ensemble is finite and can be represented with a few
physicochemically distinct representative states, and SBDD campaigns against that representative
ensemble yield experimentally validated compounds, up to protection in vivo. The framework is
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limited by the structural record available. Within these bounds, the work reframes conformation
selection from a crystallographic-quality-based step into a defined part of the discovery workflow,
and the representative receptor ensemble constructed during these studies is transferable and should
be recorded as a conformational atlas, which we plan to develop.
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making the ensemble, not a single structure, the correct input for structure-based design.

4. Failure of certain structures in structure-based design has a defined mechanistic basis,
which can be analyzed and reported as computable inclusion/exclusion criteria for newly
deposited structures.

5. Screening on framework-selected structures delivers large, experimentally confirmed gains
in prospective success rate (> 40%) and recovers chemically diverse scaffolds that single-
structure screening would miss

6.  Generative (RL)-based drug design campaign with selected representative-structures
resulted in in vitro and in vivo efficacy (success rate > 40%), serving as stronger validation
of the framework.

7.  The framework generalizes beyond high-conservation single targets to moderate-
homology, multi-subtype targets.

8. Based on selected representative structures RL platform yields novel, non-sialic-acid
scaffolds (mean Tanimoto 0.13 to oseltamivir), expanding chemical space beyond
substrate-mimetic inhibitors.
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Jdhpnuwjhtt uyghmwynigubph wynpy YEunpnuubph Ynupnpdwghnu
ybEpnénipyut hwppwl hwywyhpnuwihu dhwgnipyniuubph Yunnigjwspwhbu
hwjnuwpbpdwu hwdwp

uveneughr

Pwuwph pwnbp® nbntph Ywnnigwdpwhbt hwynuwpbpnd, Jhpunwwg upphupug,
uwhwwynigh Ynupnpdwghw, ubiphuywgnigswlw Yunnigywdp, dniElnywihu nnyhug,
hwlwyhpnwwjhtu dhongubin, ubjpwdhupnwg, SARS-CoV-2 gjfuwynp wypnuntiwg, UhUd-
1 ypnunbiwg:

Nentiph  Yunnigywépwhbu  twfuwgdnuwip W hwjntwpbpnwip  dwdwuwlwyhg
nbnwghinwlwu hbwnwgnunigniuubiph  wnwugpwiht  dninbignudubiphg  Gu: “Hpwp
hpduynd  Bu  phpwiu-uyhunwynigh  Bnwswih  Yunnigwdph  Ypw'  wnunbughw
wpgbijwyhsubiph Ywd wlyinhjwinnputiph hwdwlwpgswihtu dnnbijwynpdwi bywwnwyny:
Utipnnh wpnynitwytnniginiup: giuwydnpuiybiu wiudws £ phpwtuh Ynudnpdwghuwh
Ghon  puwnpnigyniuthg: Pwuh  np uwhwnwynigubph uwdwtu - wbnwdwubpp
Ynupnpdwghnt wnnwing hbwnbpngbu tu, dhlunyu phpwfuh hwdwp Uwhunwynigutiph
wnuutph  pwuynud  (PDB)  hwuwubh  Gu  pwqiwphy  thnpdwpwpwlwu
Ywnnigwdpubp' tnwppbp Ynudnpdwghnu Jhdwlubipnid:

Ywnnigywdpubiph puwnpnieniut punnidwd b hhduwynpb) pjnipbnugpuwu Yud
w)] thnpdwpwpwywt dbpnnutiph npwyh unwunwpwn gnigwuhpubipny (Resolution, R-
gnpdwlyhgubipn, Ramachandran-h  yhdwlwgpnigynitu, Clashscore):  Uwlwju  wju
gnigwuhubipp punipwgnpnul Gu Yunnigywdph thnpdwpwpwywu npwyp, wy ns b npw
whuwwuhnyeniup yhpunnwwy upphuhugh hwdwp, husu £ unbindnud £ dbipnnuwpwuwlwu
Fwlwu pwg: <Gnbwpwp, unytu wouwwnwuph tywunwu £ unbindt b hnpdwpwpwlwu
Gnwuwyny Juybipwgub) hwdwlwpgyws, $haghlwphdhwywu wnnwing hhduwynpyuwd
hwppwY' nbnbph  Ywnnigwdpwhbu nhqujuh U hwnuwpbpdwu  gnpdpupuwgnid
uwyhwnwynigubiph ubpyuywgnigswlywu Ynunpdwghwubiph punpnigywu hwdwp:

Whuwwwupnwd  gnyg Lt wpdb, np  pnipbinugpulywiu npwyh  unwunwnpn
gnigwuhgubipp  pwjwpwp s6U  Jdhpwnww)  upphtuhugh  hwdwp  Yunnigwdpubiph
punpnigjuu  hwpgni:  SARS-CoV-2-h  gqluwynp wpnubwgh (Mpro) 342 hnin-
Ywnnigywdpubiph  Ywuwnbpwynpdwdp  wnwuduwgytp £ 8 ubpluwjwgnigswlwu
Ynupnpdwghw: Npwyh pninp swihwuhoubipht pwdwpwpnn tipbip Yuwnnigwdpubip
(5RHE, 7DDC, 7DPU) bpbp wulwfu nnyhuguihu Spwgpbipnd (Vina, rDock, Glide)
htnbnnwywunpbu  gnigwpbiptp Gu  wdbbwgwdp EF, ROC-AUC L BEDROC
gnigwuhoubipp, huswbiu twl Yuwwdwu nhpph Ywufuwnbudwu gwdp Gagpuniegniu:
Pwgwhuwjwnyt £, np upphupugh wuwpnyniuwybunnygjwu Yunnigjuwdpwiht ywwdwnp
S Gupwybuwpnuh thwy |hubu £ (Metd9-h gnp Ynudpnpdwghw, Leul41/Asni42
Ynnduwhtu onpwubph ypwynndunpnonud) b S2 Gupwgpwwuh wnywjnipniup:

Lwjiwgdjwsd hwppwyh wpryniuwybwnyeniut nt Yhpwnbihnigniup gnyg £ wipyt
twl UhUY-T wypnnbwgh oppuwyny: 690 Ywnnigywdpubiph wywhy YEunpnuubph
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Ynudpnpdwghnu pwqiwquunypniup hwppwyh dhongny ubipyuwjwgyt £ 16 nhuyptin
Ynudpnpdwghwubiph nbupny, npnughg snput pungpynul Gu Yunnigjwdpubiph dnwn 85%-
p:  Ynudpnpdwghnu  Jbppndnipjwdp  punpdwd Mpro  Ywnnigywdpubiph - Jpw
hpwlwuwgywsd Jhpwinuwy upphuhugny nwnwuwuppdtp £ onipg 200 dhihnu
dhwgnipgyniuhg pwnyugwsd gpunwpwu: dShwpws b thnpdwpwpwlwu nwuwyny
unniqws 16 dhwgnieyniubiphg 2-p (=12,5% hwonnnipjwu dwlwpnwy, husp onipg 100
wuqwd gbpwqwugnuwd  t unmwunwpun pwpdp  pannuwynuyjudp  upphuhugh
wpryntupubipp) npulinptip B in vitro wyunhynieniu:

Ubtipnnwpwuntpjwt Yhpwnbhnygniup swihwynp hndninghw niubignn phpwiuubiph
hwdwp gmigunpyty £ gphwh A (IAV) W B (IBV) dhpnwubiph ubjpwdhuhnwgh (NA)
ophuwyny: Uswlyws hwppwyh dhongny puwnpdby Gu ubplujwugnigswywu hnin-
Ywnnigdwdpubipp (IAV' 6HPO, IBV' 4CPY), U RL dnnbny gbubipwgyby £ 60,291 de novo
dhwgnipniu, npnug 86,5%-p $hghlwphdhwlwt hwwnynieniiubpny gbpwquiugt) &
oubijinwdhyhp (oseltamivir) nbtinwdhonghtu: Shjinpnwihg htinn uhupbliqut) £ 9 n¢-
upwiwppYwihu Jhwgnipniu (oubpurnwdhyhph htwn dhoht Swupdnwinh tdwunygniup'
0,13), npnughg snput wywinhy Gu Bnbi: Gpynt wnwewwnwn dhwgnigyniuubpp (DS-22-inf-
009 L DS-22-inf-021) gwdp dhypndnpwihtu Ynugbunmpwghwubpnu (IC50 ~ 9-25 dyU)
wpgbjwytp U puswbu 1AV-h, wjuybu £ IBV-h NA-U' ubpwnjw| oubpunwdhyhpp
uywwndwdp Yuyniu H275Y dnunwuwnp (18,2 /14,7 dyU): In vivo thnpadbipnud (dyutip, 100
dg/yg) DS-22-inf-021-u wwwhnytp £ 85% (IAV HIN1pdm09) L 100% (IBV Yamagata)
wuwpbhnyemt’ pnpwihu hjnwdwépnd  Jhpnwwiht - whwnph - dpéwlwgpnpbu
UowuwYwih ujuqiwdp:

Udthnihbiny' wotuwwnwupp hwuinwinnd k, np ubpyuyugnigswluu Yunnigwdph
puwnpnipniup ghnwlwunpbu bwlwu, hwodwpybih punipwagnphs £, npp wwhwuenwd
hwuwny ybpndnigyniu: Upwlywd hwppwyp, npwbu dbpennhg wulwfu punpnigjwu
obipwin, Yhpwnbih £ huswbu hpwiniw) upphupugh, wjuwbu k) dbpbuwjwlwt nwnigdwu
ypw  hpdujws de novo Uwjuwgdiwu  woluwwnwupubpnud'  wwwhnybinyg
thnpédwpwpwywt dwuwwwphny Juybpwgywd wpnyniupubip:
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XAYATPSAH TrAMJIET HAPEKOBUY

«IInaTdopma KOHPOPMALHOHHOIO0 AHAJIU3A AKTHBHOI'0 LIEHTPA BUPYCHBIX 0€JIKOB 151
CTPYKTYPHO-OPHEHTHPOBAHHOTO H3aiiHA MPOTHBOBUPYCHBIX MPENapaToB»

PE3IOME

KiioueBble cJioBa: CTPYKTypHO-OPUEHTHPOBAHHBIA TOWCK JIEKApCTB, BUPTYaIbHBIN
CKPUHHHT, KOH(popManus Oenka, penpe3cHTaTUBHAS CTPYKTYpa, MOJICKYJISPHBIA JIOKHHT,
MIPOTHUBOBUPYCHBIC Mpenaparsl, HeHpaMHHKIa3a, TiaaBHas npoteaza SARS-CoV-2, mpoteasa
BUY-1.

CTpyKTYypHO-OPUEHTHPOBAaHHOE MPOEKTHPOBAHHE M IMOUCK JIEKAPCTBEHHBIX CPEICTB —
OIMH W3 KIIOYEBBIX MOAXOAOB COBPEMEHHBIX (hapMaKOJOTHUECKHX HCCIIeIOBaHHH,
OCHOBAaHHBI HAa  HCIOJb30BAHUM TPEXMEPHOH  CTPYKTYphl  OelKa-MHIICHH ISt
KOMITBIOTEPHOTO ~ MOJIENIMPOBAHUS IMMOTEHUHWAJBbHBIX HHTHOMUTOPOB WM AKTHBATOPOB.
D¢ PeKTHBHOCTD TaHHOTO MOJXO0/a PEIIAOIIMM 00pa3oM 3aBHCUT OT BBIOOpA MPaBUIBHOM
KoH(opManyu MumieHd. CaiThl CBsI3bIBaHUS O€IKOB KOH(POPMAIIMOHHO T'€TEPOTreHHBI, U JUIS
ONHOW W TO# e wMmuiieHd B banke maHHbIXx OenkoB (PDB) mocTymHO MHOMXKECTBO
9KCHEPUMEHTAIIBHBIX CTPYKTYP B Pa3IMYHBIX KOH()OPMALIMOHHBIX COCTOSIHUSX.

BEIGOp CTPYKTYp TPaJHIOHHO OOOCHOBBIBAIOT CTAHIAPTHBIMHU IIOKa3aTEIIMH KauecTBa
KpHCTAIIIOTpaiIecKOr0 WM HHOTO OKCIEPHMEHTANBHOTO MeTona (paspemreHme, R-
¢axTopsl, ctarucruka Pamayannpana, Clashscore). OnHako 3T OKa3aTesd OTPAXKAIOT JIUIIh
SKCHEPUMEHTAIbHOE KauecTBO CTPYKTYpH, a He e€ MHPHrOJHOCTh I BUPTYaTbHOTO
CKPUHMHTA, YTO CO3JaéT CYyILECTBEHHBIH MeTomonorndeckuii mpoben. Ilens Hacroseit
paboTel — pa3paboTaTh M SKCICPHMEHTANBHO BalMANPOBATh CHCTEMATH3MPOBAHHYIO,
¢bm3uKo-XxUMHUYEeCKH ~ 00OCHOBaHHYIO IulaThopMmy UL  OTOOpa  penpe3eHTATHBHBIX
KOoH(popMarmii OeIKOB IpH  CTPYKTYPHO-OPHCHTHPOBAHHOM TIOMCKE W OW3aliHe
JIEKapCTBEHHBIX COCTUHEHHUHN.

B pabote mokaszaHo, YTO CTaHAAPTHBIX MOKa3aTeleld KpUCTALIOrpadHIecKOoro KauyecTBa
HEIOCTATOYHO JJII KOPPEKTHOrO OTOOpa CTPYKTYp Ui BHPTYalbHOTO CKpHHMHTA. B
pesynbrate kinactepusamun 342 holo-ctpykryp riaBHoi mporteasst SARS-CoV-2 (Mpro)
OBUIO BBIACICHO 8 pernpe3eHTaTHBHBIX KoH(popmanuii. [Ipu stom Tpu ctpykTypsl (SRHE,
7DDC, 7DPU), ynoBnerBopsiBIIME BceM (GOPMaIbHBIM KPUTEPHUAM KadecTBa, B TPEX
HE3aBUCHMBIX  mporpammax  jgokmHra (Vina, rDock, Glide) mnocnenoBarenbHo
JIEMOHCTPHPOBAIM HauMeHbInue 3HaudeHus ¢axrtopos oboramenus (EF), ROC-AUC,
BEDROC u HHU3KyI0 TOYHOCTb MNpEACKA3aHUS IMO3ULMU CBS3bIBAaHHUS. YCTAaHOBJEHO, YTO
CTPYKTYPHOWH TNpUYMHOW HEd(P()EKTUBHOCTH CKPHUHUHIA SBJISIOTCS 3aKPBITOE COCTOSIHUE
cyOcaiira S1 (rom-koHdopmanus Met49, mepeoprenranus 60koBbIx 1emnei Leul41/Asnl42)
U Ha4uue cyOkapMana S2.

D¢ EeKTUBHOCT U YHUBEPCATBHOCTD pa3pab0TaHHON MIaTGOPMBI IPOIEMOHCTPHPOBAHEI
Taroke Ha npuMmepe npoteassl BUU-1. Kordopmarmonaoe pa3sHooOpa3re akTHBHEIX LEHTPOB
690 cTpykTyp OBUIO CBeleHO K 16 IUCKpPEeTHBIM KOH(OPMAIMAM, UYETHIPE M3 KOTOPBIX
0XBaTHIBAIOT 0KOJIO 85% cTpykTyp. C npuMeHeHreM oTOOpaHHBIX CTPYKTYp Mpro nposenéu
BUPTYQJIbHBIA CKPUHHMHT OMOIHOTEKH, colepkarieil okono 200 MUIIHOHOB coeanHeHu. 13
16 0TOOpaHHBIX U NPOTECTUPOBAHHBIX COCAMHEHHH 2 MPOJEMOHCTPHPOBAIN aKTUBHOCTD N
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vitro (yposess ycrexa ~12,5%, uro mpumepHo B 100 pa3 npeBbImIacT pe3ysbTaTHBHOCTH
CTaHJAPTHOTO BEICOKOTPOU3BOIUTEIFHOTO CKPHHHHTA).

[IppuMeHMMOCTh METOMOJIOTHH K MHUIIEHSM C yMEpEeHHOW TOMOJIOTHEeH IOoKa3aHa Ha
npumepe Helipamunuaasel (NA) BupycoB rpumna A (IAV) u B (IBV). C nomomsio
paspaboTanHoi aTGopMel 0ToOpaHbl penpeseHtaTrBHbIe holo-cTpykrypsl (IAV — 6HPO,
IBV — 4CPY), a ¢ npumenennem RL-mozenu crerepupoano 60 291 coenunenue de novo,
U3 KOTOPHIX 86,5% TNpeBOCXOAWIN NpemapaT OCeNbTaMHUBHD IO (U3MKO-XUMUYECKHM
cpoiictBaM. Ilocne QuubTpanuy CHUHTE3UPOBAaHO 9 HECUANOBBIX COEAMHEHHH (cpeaHee
cxoactBo no Tammmoto ¢ ocenbTammBupoM — 0,13), 4yeTpipe M3 KOTOPBIX OKa3aHCh
akTuBHBIMH. JIBa uaupyronmx coenunenus (DS-22-inf-009 u DS-22-inf-021) uarubuposanu
NA Bupycos rpumnia A u B B HU3kux MEUKpoMOJIIpHBIX KoHteHTpanusax (IC50 =~ 9-25 mxM),
BKJIIOYast aKTUBHOCTb IIPOTHB PE3UCTEHTHOIO K OcenbTaMuBHpy MyTanTa H275Y (18,2 / 14,7
MKM). B skcniepumenTax in vivo (meimm, 100 mMr/kr) coequnaenne DS-22-inf-021 obecmeurio
BbpKuBaeMocth 85% (IAV HIN1pdm09) u 100% (IBV Yamagata) npu craTHCTHUECKH
3HAYMMOM CHVDKEHHH BUPYCHOTO TUTPA B IETOYHON TKaHH.

B nenom pabora MoATBEPXkKIAeT, UYTO BBIOOP PENPE3EHTATHUBHON CTPYKTYPHI SIBISETCS
KPUTHYECKH BaXHBIM H TIONAAIOMIMMCS CTPOTOMY pacdéTy JTamoM, TpeOyronM
CIELUAIN3UPOBAaHHOTO aHaiu3a. PaspaboranHas mardopma mpexacraBiser coOoit
YHHBEpCaJbHBIN, METO/I-HE3aBUCUMBIH YPOBEHb 0TOOpa, MPUMEHUMBIN KaK B TPAJHIIHOHHOM
BUPTYaIbHOM CKPHHHMHIE, TaK M B KaMIaHusAX Oe NOVO nu3aiiHa HAa OCHOBE MAIIMHHOTO
00y4eHHs C OTyYeHHEeM dKCIIEPUMEHTAIBHO BaJUANPOBAHHBIX PE3YIIbTATOB.
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