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Abstract

In this study, we used our own prediction models to assess the antiviral potential of
pyrimidin-4(3H)-one derivatives against the A/H1N1 influenza virus strain. This as-
sessment allows us to identify promising structures. The models are based on ma-
chine learning algorithms and molecular modeling results. In general, the prediction
results are consistent with experimental data. The most promising compound, namely
12 (6-amino-2-(dimethylamino)pyrimidin-4(3H)-one), inhibits the reproduction of the
A/Puerto Rico/8/34 (H1N1) influenza virus strain in vitro, likely by affecting the function
of the endonuclease domain of the viral polymerase complex. Compound 12 can be used
to create new PAN inhibitors by modifying its structure.

Keywords: pyrimidine-4(3H)-one derivatives; influenza virus A/H1N1; prediction models;
machine learning; molecular modeling

1. Introduction
The pyrimidine nitrogenous base of pyrimidin-4(3H)-one derivatives is one of the

most well-known pharmacophores in medical chemistry [1] and is found in the structures
of many biologically active drugs. Although uracil is most often associated with cancer
treatments, there are many other uracil-based compounds that can be used to treat a
variety of diseases, including infectious diseases caused by various pathogenic viruses [2,3],
including the influenza virus [4].

In 1996, the authors of [5] reported a new antiviral agent, Flutimide 1, which inhibits
the replication of infectious influenza viruses of different strains (Figure 1). The mech-
anism of the antiviral action of compound 1 and its analogue 2 is the inhibition of the
RNA-dependent RNA polymerase of the influenza virus [6]. Then, the authors of [7] de-
scribed a structural analysis of the mechanism of inhibition of influenza virus endonuclease
(PA) by small molecules, among which the antiviral agent 3 inhibits the replication of
the infectious influenza virus of strain A/PR/8/34 (H1N1) at micromolar concentrations.
It should be noted that RNA-dependent RNA polymerase is a heterotrimeric complex
that includes the subunits of endonuclease PA and polymerases PB1 and PB2, which are
associated with the 3′ and 5′ ends of each segment of the RNA genome [8]. Inhibition of
the endonuclease activity of the PA viral protein affects the function of RNA-dependent
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RNA polymerase and allows PA to be considered as an attractive target for the develop-
ment of new antiviral drugs. The authors of [9] reported a series of phenyl-substituted
4-hydroxypyridazin-3(2H)-ones and 5-hydroxypyrimidin-4(3H)-ones: the inhibitors of in-
fluenza virus endonuclease, among which compounds 4 and 5 are the leaders. Derivatives
of 1.6-bis[(benzyloxy)methyl]uracin [4] were initially considered as potential inhibitors of
HIV-1 reverse transcriptase. However, antiviral agents, which include the lead compound 6,
also inhibit the replication of the influenza A/H1N1 virus (Figure 1). Although the authors
report that, the mechanism of antiviral action of the studied compounds is unclear.

 

Figure 1. Compounds that contain a pyrimidine scaffold and inhibit viral proteins and/or exhibit
antiviral activity against the infectious influenza virus. The key pyrimidine scaffold is shown in green.
The colors of the antiviral activity values correspond to the color used to highlight the biological
experiment method.

Finally, a recent publication [10] examines the mechanism of the antiviral activity of
pyrimidinone-based α-aminophosphonates against influenza A/H1N1 viruses and HCoV-
229E coronavirus. The structures of lead compounds 7 and 8, whose selectivity indices (SI)
exceed 50, are shown in Figure 1. Based on the molecular docking results, the antiviral
agents under study can inhibit the function of influenza virus neuraminidase and/or RNA-
dependent RNA polymerase. Thus, while analyzing even a small number of scientific
publications, we can once again confirm the possibility of antiviral properties of compounds
containing a pyrimidine scaffold. The following papers [4,6,7,9,10] share not only a common
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fragment of the compounds under study, but also an approach to the search for new
antiviral agents, which consists of the synthesis of new molecules followed by an assessment
of their inhibitory activity through in vitro tests. Such an approach requires significant
physical and financial costs and, unfortunately, very often leads to unsatisfactory results.
Thus, in [4], among the thirteen synthesized compounds, only five structures can be noted as
promising (with SI values > 8) in relation to HIV-1, and only two (among which is the leader
compound 6) in relation to the influenza A/H1N1 virus. A similar situation is observed
in [10], where among the twelve synthesized compounds, only one is characterized by
a selectivity index greater than 8 (SI (HCoV-229E) = 24.5) when assessing their antiviral
activity against the HCoV-229E coronavirus, and two (compounds 7 and 8 in Figure 1) have
such an index when assessing their antiviral activity against the influenza A/H1N1 virus.
To be fair, it should be noted that it was found in [9] that most of the studied compounds
inhibit influenza virus endonuclease at micromolar concentrations. However, the fact that
a compound inhibits the function of a viral protein does not necessarily mean that it will
suppress the replication of the infectious virus. The above examples further confirm the
well-known fact that the search for promising biologically active compounds most often
begins with experimental high-throughput screening, which requires significant physical
and financial resources [11]. The limitations of traditional pharmacological methods can be
overcome using the structure-based design of biologically active molecules, in which the
development of theoretical models for predicting the biological potential of small molecules
and/or de novo design have demonstrated their effectiveness [12]. The most interesting
and desirable outcome of applying theoretical calculations to a range of biochemical
problems is the creation of a prediction model that would allow for the assessment of the
antiviral activity of a number of compounds prior to their direct synthesis and biological
experimentation. At that, the prediction model can be constructed using machine learning
(ML) methods [13,14], results of molecular modeling (docking and/or dynamics) [15], or a
combination of both approaches [16,17].

In our recent publication, we have presented our own prediction model for assessing
the antiviral potential of small molecules against the influenza virus of strain A/H1N1 [18].
The compiled database contained information on the small molecule structures in SMILES
format, data on their cytotoxicity against the MDCK cell line, and IC50 values characterizing
antiviral activity against different serotypes of the A/H1N1 influenza virus strain. The
study utilized classical and non-classical machine learning methods to solve a binary classi-
fication problem to separate active and inactive molecules based on selectivity index values.
Classification was performed at a threshold value SI = 8, since, according to the Guidelines
for the Experimental (Preclinical) Study of New Pharmacological Substances [19], sub-
stances with SI values >8 can be considered promising. Analysis of the calculation results
allowed us to identify a random forest model using Morgan fingerprints as a descriptor,
characterizing the structure of a small molecule as a promising one. The accuracy of the
classification problem solution was 75.94%. This prediction is ligand-oriented, i.e., it allows
us to identify compounds active against the influenza virus, regardless of which viral
protein may play the role of a biological target.

Alternatively, a prediction model can be constructed using molecular modeling meth-
ods. This approach is based on searching for a relationship between the pIC50 values
(inverse logarithm of the half-maximal inhibitory concentration) and the energy of binding
with the active site of a therapeutically important protein ∆Gbind. A similar approach that
was described in [20] dealt with the search for histone demethylase inhibitors. The authors
used various molecular docking algorithms, carried out a series of molecular dynamics
simulations, and carefully analyzed the binding energy estimates. The resulting prediction
models allowed them to classify inhibitors into active and inactive ones. The authors
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of [20] believe that such models can be used as a primary filter for identifying promising
compounds for subsequent synthesis and biological testing.

The relationship between experimental values of binding and docking energy is
presented in [21]. The authors determined the cytotoxicity values of some compounds in
relation to four cell line models, namely HepG2, LU-1, SW480, and HL-60; then, the CC50

values were set equal to Ki, and the experimental binding energy was calculated using
formula ∆Gexp = RT lnKi. For the molecular docking procedure, the authors considered the
GSK-3β enzyme as a biological target. Theoretical and experimental data correlate with
each other with correlation indices (R) from 0.90 to 0.93 depending on the cell line. For
10 ligand–protein complexes, the authors of [21] applied refinement calculations using the
methodology of fast pulling of ligand (FPL) [22]. The correlation index of the calculated
values of binding energies with experimental data is 0.8.

Although machine learning approaches are commonly applied to prioritize potentially
active compounds, their ability to reliably identify chemical series with low antiviral
potential has received considerably less attention. However, accurate negative predictions
are equally important because they reduce unnecessary synthesis and biological testing,
thereby improving the efficiency of medicinal chemistry campaigns.

The present study was designed to prospectively evaluate the predictive performance
of computational models for pyrimidin-4(3H)-one derivatives in both directions: identifying
compounds with promising antiviral activity and correctly recognizing compounds with
low antiviral potential. To achieve this objective, we first refined our previously developed
machine learning model [18] and applied it to predict the antiviral activity of a focused
library of pyrimidin-4(3H)-one derivatives. In parallel, a complementary structure-based
model was developed using the molecular docking of pyrimidine-containing ligands in the
active site of the influenza A virus PA endonuclease (PAN) [9,23,24]. The predicted activities
were subsequently validated by synthesis of the selected compounds and experimental
evaluation of their antiviral activity against influenza A/Puerto Rico/8/34 (H1N1). The
adequacy of both predictive approaches was additionally assessed using literature data for
known PAN inhibitors and antiviral pyrimidine derivatives [4,7,9,10,23,24].

Thus, the aim of this study was to prospectively validate machine-learning- and
docking-based prediction models for pyrimidin-4(3H)-one derivatives through synthe-
sis and biological evaluation of a new compound library, with particular emphasis on
their ability to prioritize compounds for antiviral screening by correctly identifying both
promising and low-activity candidates.

2. Materials and Methods
2.1. Data Set, Descriptors, and Machine Learning Tools

The existing database was supplemented [18] with new records from scientific pub-
lications and the ChEMBL database [25]. The new database contains 2255 records of
small-molecule structures and biological testing data (CC50 cytotoxicity against the MDCK
cell line, IC50 antiviral activity against the A/H1N1 strain of different serotypes, and SI val-
ues, characterizing the CC50 to IC50 ratio). Among 2255 compounds, 910 are characterized
by SI values > 8. The median SI value is 4.75. Class balancing was performed for SI = 8, i.e.,
compounds with SI > 8 were marked with an active label (1), and those with SI < 8 were
marked with an inactive label (0). The structural chemical diversity was analyzed using
the non-commercial software RDKit 2026.03.3 [26], and Bemis–Murko scaffolds were used
for the evaluation [27]. The number of compounds containing a pyrimidine substructure
was estimated. To solve the binary classification problem using machine learning, the most
effective methods [18] were applied: the classical method combining molecular fingerprints
(Morgan fingerprint) [28] and random forest [29], and the neural network method, combin-
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ing MolFormer [30] as a method of feature extraction and a fully connected neural network.
As was noted above, this combination of descriptors and the model showed the best result
in predicting SI values.

The training of machine learning (fp-RF and MF-NN) models was carried out using
algorithms that have a general logical structure.

In the case of the fp-RF model, the dataset stores Morgan fingerprint data and the
selectivity index value for each molecule, line by line. It is divided into training and testing
samples in a ratio of 1:3 and contains only unique lines. Due to the limited amount of
data available, no further validation was carried out. Stratification was considered when
dividing the data into training and test sets, so the balance of class labels in the two sets is
equal. During training, no deferred sampling was used, so no data was leaked from the
training set to the test set. The following basic hyperparameters were used to train the
random forest: 200 trees; Ginny’s criteria were used as the criterion for quality of partition,
the minimum element in a leaf is 1, and bootstrap sampling was used.

A fully pre-trained MoLFormer (IBM/MoLformer-XL-Both-10Pct) was used to extract
features from an existing dataset, line by line, and then the dataset was divided into
two parts: a training set and a test set. The training set consisted of the extracted features
and the selectivity index values, while the test set was used for validation. Only the training
set was used in further training. A fully connected three-layer neural network with 256,
128, and 1 neuron was used as a classifier on the extracted features. ReLU was used as an
activation function. To regularize after the first two layers, dropout with probability 30%
was applied. Binary cross entropy was used as loss function, and the optimizer was Adam.
The number of epochs was 100.

2.2. Molecular Modeling

Geometrical parameters of pandemic 2009 H1N1 influenza A endonuclease domain
(PAN) were downloaded from Protein Data Bank [31]. Two PDB ID were used: 4M5U [23]
and 4KIL [24]. Protein structure models were preprocessed with Schrodinger Protein prep-
wizard tools: hydrogen atoms were added and refined, missing amino acid residues were
added, bond orders were verified, solvent was removed, and protein structure minimiza-
tion was performed with constraints in the OPLS4 force field [32]. The molecular docking
procedure was performed on a group of small molecules. The synthesis of these molecules
is described in [9,23,24]. Compounds inhibit the endonuclease activity of viral protein PAN.
Structures are shown in Supplementary Materials (Figures S1–S3). Docking was restricted
to reference position using the existing docked ligand. Restricted conditions (tolerance,
maximum common position or SMART pattern) were dependent on the structures of lig-
ands and the active site of proteins. When analyzing the docking results, attention was paid
to the ligand location relative to metal cations (Mn2+) and the correspondence of geometric
parameters of ligands to geometric parameters of reference compounds located in active
sites of ligand–protein complexes (PDB ID: 4M5U, 4KIL), deciphered using experimental
methods. The MM/GBSA methodology [33] was used to estimate ligand-binding affinities
of optimal docking positions. Calculation conditions: vacuum, OPLS4 [32] force field,
flexible residues are defined by the distances from ligand 5A. Cations Mn2+ are included.

2.3. Synthesis and NMR Spectra

NMR spectra were recorded at 298 K on a Bruker Avance-III 500 MHz spectrome-
ter (Bruker BioSpin GmbH, Karlsruhe, Germany) equipped with a PABBO X{1H} direct
detection probe, using 5 mm NMR tubes. The operating frequencies were 500.30 MHz
for 1H, 125.75 MHz for 13C, and 50.58 MHz for 15N. Chemical shifts in the 1H and 13C
NMR spectra are reported in parts per million (ppm) relative to tetramethylsilane as an
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external standard. Chemical shifts in the 15N NMR spectra are given in ppm relative to
external liquid ammonia at 25 ◦C. Gradient-selected {1H,13C}, {1H,15N} HSQC and {1H,13C},
{1H,15N} HMBC spectra were recorded using standard Bruker pulse sequences.

Elemental analysis was performed using a Perkin Elmer Ser. II CHNS/O 2400 ele-
mental analyzer (PerkinElmer, Shelton, CT, USA). Melting points were determined with a
Stanford Research Systems Optimelt MPA100 melting point apparatus (Stanford Research
Systems, Sunnyvale, CA, USA) and have not been corrected.

Derivatives of pyrimidin-4(3H)-one were synthesized via the condensation of the cor-
responding β-ketoester with thiourea, guanidine hydrochloride, or acetamidine in ethanol
using sodium ethoxide, or under solvent-free conditions with microwave irradiation [34,35].
In some cases, the latter method provided higher yields of the target compounds com-
pared to the conventional sodium methoxide-based approach; however, its scalability
remains challenging.

β-Ketoesters were obtained through the alkylation of Meldrum acid with correspond-
ing acyl chloride in pyridine, followed by decomposition of the intermediate adduct under
reflux in ethanol [36]. Alternatively, they were synthesized via the reaction of the magne-
sium complex of ethyl acetoacetate with acyl chloride or by reacting to the magnesium
salt of a malonic ester with corresponding acyl chloride [37]. The choice of the method
depended on the structure of β-ketoester: for esters with bulky or electron-withdrawing sub-
stituents (R = i-Pr, t-Bu, c-hexyl, n-hexyl), the first method resulted in low yields, whereas
for non-branched alkyl substituents (R = Et, n-nonyl, n-pentadecyl, Ph), it was preferred.

Six uracil derivatives (R = Et, c-hexyl, t-Bu, n-nonyl, and n-pentadecyl) were syn-
thesized from 2-thio derivatives via reaction with methyloxirane in an alkaline medium
or with monochloroacetic acid in an aqueous medium [38]. The direct condensation of
β-ketoesters with urea was ineffective in these cases, as it failed to provide the desired
products in acceptable yields.

N-Alkylation of uracil derivatives was carried out using established methods with
haloalkanes or dimethyl sulfate in an aqueous alkaline medium. The synthesis of dimethyl
6-pentadecyluracil was accomplished via a solvent-free methodology [39].

1,3-dimethyl-5-carboxyuracil (9): white solid; yield 44%; mp 187.6–188.2 ◦C (lit.
179–181 [40]); 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 3.207 (s, 3H, N3CH3),
3.444 (s, 3H, N1CH3), 8.709 (s, 1H, C6-H), 12.780 (br. s, 1H, COOH). 13C NMR spectrum
(DMSO-d6, 125.76 MHz), δ, ppm: 28.27 (N3CH3), 37.86 (N1CH3), 100.96 (C5), 150.89 (O=C2),
152.78 (C6), 163.85, 163.95. 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 138.0 (N1), 154.8 (N3).
Found, %: C, 45.60; H, 4.40; N, 15.23. C7H8N2O4. Calculated, %: C, 45.66; H, 4.38; N, 15.21.

6-amino-3-butyl-2-methylpyrimidin-4(3H)-one (10): white solid; yield 76%; mp
137–139 ◦C; 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 0.956 (t, 3H, J = 7.35 Hz,
CH3), 1.402 (td, 2H, J = 7.35, 7.48 Hz, MeCH2), 1.631 (dd, 2H, J = 7.48, 7.90 Hz, CH2CH2N),
2.442 (s, 3H, H3CC2), 3.910 (t, 2H, J = 7.90 Hz, H2C-N), 4.881 (s, 2H, NH2), 5.345 (s, 1H, HC5),
13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 13.74 (CH2CH3), 20.20 (CH2CH3),
22.51 (C2-CH3), 30.82 (N3CH2CH2), 43.66 (N3CH2CH2), 85.96 (C5), 158.97 (MeC2), 161.25
(C6), 163.19 (C4). Found, %: C, 59.74; H, 8.36; N, 23.13. C9H15N3O. Calculated, %: C, 59.64;
H, 8.34; N, 23.19.

6-Pentadecyluracil (11): white solid; yield 56%; mp 165.0–166.5 ◦C; 1H NMR spectrum
(500.13 MHz, DMSO-d6), δ, ppm: 0.854 (t, 3H, J = 6.7 Hz, CH3), 1.15–1.33 (m, 24H, CH2),
1.46–1.56 (m, 2H, CH2CH2C), 2.264 (t, 2H, J = 7.6 Hz, C6CH2), 5.298 (s, 1H, HC5), 10.754
(s, 1H, N1H), 10.861 (s, 1H, N3H). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm:
13.85 (CH3), 22.01 (CH2), 26,80 (CH2), 28.22 (CH2), 28.54 (CH2), 28.63 (CH2), 28.79 (CH2),
28.85–29.05 (CH2), 31.22 (CH2), 31.63 (CCH2), 97.84 (HC5), 151.62 (O=C2), 156.49 (C6),
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164.09 (C4). 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 135.5 (N1), 156.3 (N3). Found, %: C,
70.05; H, 10.71; N, 8.35. C19H34N2O2. Calculated, %: C, 70.76; H, 10.63; N, 8.69.

6-amino-2-(dimethylamino)pyrimidin-4(3H)-one (12): white solid; yield 63%; mp
290.6–291.2 ◦C (lit. 290.5–292.5 ◦C [41]); 1H NMR spectrum (500.13 MHz, DMSO-d6), δ,
ppm: 2.979 (s, 6H, CH3), 4.540 (s, 1H, HC5), 6.043 (s, 2H, NH2), 10.586 (br. s, 1H, NH). 13C
NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 36.77 (CH3), 75,66 (C5), 154.93, 164.43,
164.54. 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 64.1 (NH2), 80.9 (NMe2), 142.4 (N3),
199.5 (N1). Found, %: C, 46.23; H, 6.42; N, 36.21. C6H10N4O. Calculated, %: C, 46.74; H,
6.54; N, 36.34.

1,3-Dimethyl-6-pentadecyluracil (13): white solid; yield 41%; mp 64.8–65.8 ◦C;
1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 0.856 (t, 3H, J = 6.85 Hz, CH3),
1.20–1.40 (m, 24H, CH2), 1.50–1.58 (m, 2H, CH2), 2.509 (t, 2H, J = 7.65 Hz, C6CH2), 3.153
(s, 3H, N3CH3), 3.312 (s, 3H, N1CH3), 5.501 (s, 1H, HC5). 13C NMR spectrum (DMSO-d6,
125.76 MHz), δ, ppm: 13.71 (CH3), 21.99 (CH2), 26.70 (CH2), 27.27 (N3CH3), 28.44 (CH2),
28.63 (CH2), 28.85 (CH2), 28.9–29.1 (CH2), 31.07 (N1CH3), 31.26 (CH2), 31.71 (CH2), 98.91
(HC5), 152.30 (C2), 155.96 (C6), 161.63 (C4). 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm:
127.7 (N1), 151.9 (N3). Found, %: C, 70.87; H, 11.12; N, 7.83. C21H38N2O2. Calculated, %: C,
71.95; H, 10.93; N, 7.99.

5-Ethoxycarbonyluracil (14): white solid; yield 83%; mp 239.2–240.3 ◦C (lit. 241–242 [42]);
1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 1.237 (t, 3H, J = 7.0 Hz, CH3), 4.163
(t, 2H, J = 7.0 Hz, CH2), 8.130 (d, 1H, J = 6.4 Hz, C6H), 11.303 (s, 1H, N3H), 11.589 (d, 1H,
J = 6.4 Hz, N1H). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 14.08 (CH3), 59.86
(CH2), 103.06 (C5), 149.30 (C6), 150.54 (C4), 160.01 (C2), 162.49 (C5C=O). 1H and 13C NMR
spectra was similar with [42]. 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 139.5 (N1), 159.7
(N3). Found, %: C, 45.11; H, 4.22; N, 15.34. C7H8N2O4. Calculated, %: C, 45.66; H, 4.38;
N, 15.21.

6-Amino-2-(methylthio)pyrimidin-4(3H)-one (15): commercially available, was used
after recrystallization from water, white solid; mp 267–268 ◦C; Found, %: C, 38.19; H, 4.42;
N, 26.63; S, 20.42. C5H7N3OS. Calculated, %: C, 38.21; H, 4.49; N, 26.73; S, 20.40.

1,3,6-Trimethyluracil (16): commercially available, was used after recrystallization
from ethanol, white solid. Found, %: C, 54.01; H, 6.41; N, 18.32. C7H10N2O2. Calculated, %:
C, 54.54; H, 6.54; N, 18.17.

6-Amino-2-thiouracil (17): commercially available, was used after recrystallization
from water. Found, %: C, 33.39; H, 3.39; N, 29.24; S, 22.16. C4H5N3OS. Calculated, %: C,
33.56; H, 3.52; N, 29.35; S, 22.39.

2-Amino-6-isobutylpyrimidin-4(3H)-one (18): white solid; yield 67%; mp 221.0–223.2
◦C; 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 0.869 (d, J = 6.6 Hz, 6H, C6-
CH2CH(CH3)2), 1.961 (sept, J = 6.8 Hz, 1H, C6-CH2CH(CH3)2), 2.117 (d, J = 7.2 Hz, 2H,
C6-CH2CH(CH3)2), 5.376 (s, 1H, C5-H), 6.673 (s, 2H, NH2), 10.953 (s, 1H, N1-H), 10.953 (s,
1H, N3-H). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 22.14 (C6-CH2CH(CH3)2),
26.72 (C6-CH2CH(CH3)2), 45.69 (C6-CH2CH(CH3)2), 100.69 (C5), 155.59 (C6), 155.75 (C2),
163.88 (C4). Found, %: C, 57.01; H, 7.96; N, 24.82. C8H13N3O. Calculated, %: C, 57.46; H,
7.84; N, 25.13.

6-Ethyluracil (19): white solid; yield 58%; mp 200.6–201.2 ◦C (lit. 202–203 ◦C [43]; 1H
NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 1.103 (t, J = 7.5 Hz, 3H, CH3), 2.306 (q,
2H, J = 7.5 Hz, CH2), 5.327 (s, 1H, C5H), 10.826 (s, 1H, N1H), 10.913 (s, 1H, N3H). 13C NMR
spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 11.48 (CH3), 24.96 (CH2), 97.00 (C5), 151.63 (C2),
157.87 (C6), 164.25 (C4). 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 135.2 (N1), 156.1 (N3).
Found, %: C, 51.27; H, 5.62; N, 19.81. C6H8N2O2. Calculated, %: C, 51.42; H, 5.75; N, 19.99.
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2-Amino-6-nonylpyrimidin-4(3H)-one (20): white solid; yield 52%; mp 192.0–193.2 ◦C;
1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 0.868 (t, 3H, J = 6.8 Hz, CH3), 1.17–1.35
(m, 12H, CH2), 1.45–1.58 (m, 2H, CH2), 2.234 (t, 2H, J = 7.4 Hz, C6-CH2), 5.386 (s, 1H, C5-H),
6.487 (s, 2H, NH2), 10.669 (s, 1H, NH). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ,
ppm: 13.93 (CH3), 22.08 (CH2), 27.48 (CH2), 28.62 (CH2), 28.66 (CH2), 28.85 (CH2), 28.92
(CH2), 31.26 (CH2), 37.02 (C6CH2), 99.63 (C5), 155.47, 162.87, 169.84. Found, %: C, 65.68; H,
9.82; N,17.67. C13H23N3O. Calculated, %: C, 65.79; H, 9.77; N, 17.70.

6-tert-Butyluracil (21): white solid; yield 43%; mp 226–228 ◦C (lit. 227–229 ◦C [44]);
1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 1.193 (s, 9H, CH3), 5.317 (s, 1H, HC5),
10.579 (s, 1H, HN1), 11.002 (s, 1H, HN3). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ,
ppm: 27.34 (CH3), 34.36 (CMe3), 95.33 (C5), 151.95 (C=O), 163.13 (C6), 164.28 (C=O). 15N
NMR (DMSO-d6, 50.58 MHz), δ, ppm: 133.2 (N1), 154.2 (N3). Found, %: C, 57.44; H, 7.26;
N, 16.52. C8H12N2O2. Calculated, %: C, 57.13; H, 7.19; N, 16.66.

1,2-Dimethyl-6-ethyluracil (22): white solid; yield 46%; mp 61.0–62.2 ◦C; 1H NMR
spectrum (500.13 MHz, CDCl3), δ, ppm: 1.255 (t, 3H, J = 7.3 Hz, CH3), 2.539 (q, 2H,
J = 7.3 Hz, CH2), 3.344 (s, 3H, N3CH3), 3.421 (s, 3H, N1CH3), 5.646 (s, 1H, HC5). 13C NMR
spectrum (CDCl3, 125.76 MHz), δ, ppm: 11.31 (CH2CH3), 25.71 (CH2), 27.93 (N3CH3), 31.09
(N1CH3), 99.16 (C5), 152.69 (C2), 156.36 (C6), 162.79 (C4). 15N NMR (CDCl3, 50.58 MHz), δ,
ppm: 127.4 (N1), 153.0 (N3). Found, %: C, 57.28; H, 7.29; N, 16.41. C8H12N2O2. Calculated,
%: C, 57.13; H, 7.19; N, 16.66.

6-Nonyluracil (23): white solid; yield 59%; mp 171.0–172.2 ◦C; 1H NMR spectrum
(500.13 MHz, DMSO-d6), δ, ppm: 0.858 (t, 3H, J = 6.8 Hz, CH3), 1.245–1.288 (m, 12H, CH2),
1.521 (p, 2H, J = 6.8 Hz, C6-CH2-CH2), 2.276 (t, 2H, J = 7.6 Hz, C6-CH2), 5.315 (s, 1H, C5-H),
10.801 (s, 1H, N1-H), 10.905 (s, 1H, N3-H). 13C NMR spectrum (DMSO-d6, 125.76 MHz),
δ, ppm: 13.91 (CH3), 22.09 (CH2CH3), 26.87 (C6-CH2CH2), 28.28 (CH2), 28.63 (CH2), 28.66
(CH2), 28.84 (CH2), 31.27 (CH2), 31.69 (C6-CH2), 97.90 (C5), 151.70 (C2), 156.56 (C6), 164.19
(C4). 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 135.7 (N1), 156.5 (N3). Found, %: C, 65.16;
H, 9.35; N, 11.61. C13H22N2O2. Calculated, %: C, 65.52; H, 9.30; N, 11.75.

6-Phenyl-2-methylpyrimidin-4(3H)-one (24): white solid; yield 61%; mp 149–151 ◦C;
1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 2.385 (s, 3H, CH3), 6.743 (s, 1H,
HC5), 7.45–7.51 (m, 3H, Ph), 8.02–8.07 (m, 2H, Ph), 12.493 (s, 1H, NH). 13C NMR spectrum
(DMSO-d6, 125.76 MHz), δ, ppm: 21.37 (CH3), 106.63 (C5), 126.77 (Ph), 128.55 (Ph), 130.28
(Ph), 136.14 (Ph), 159.03 (C2), 160.41 (C6), 162.82 (C4). 15N NMR (DMSO-d6, 50.58 MHz), δ,
ppm: 176.5 (N3), 234.5 (N1). Found, %: C, 71.26; H, 5.54; N, 15.43. C11H10N2O. Calculated,
%: C, 70.95; H, 5.41; N, 15.04.

6-Cyclohexyluracil (25): white solid; yield 58%; mp 286–287 ◦C (lit. 286–287 ◦C [45]);
1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 1.10–1.38 (m, 5H, CH2), 1.60–1.68 (m,
1H, CH2), 1.70–1.83 (m, 4H, CH2), 2.18–2.27 (m, 1H, C1′H), 5.284 (s, 1H, HC5), 10.735 (s, 1H,
N1-H), 10.906 (s, 1H, N3-H). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 25.10
(C4′ ), 25.53 (C3′ ), 30.19 (C2′ ), 40.43 (C1′ ), 95.71 (C5), 151.72 (C2), 160.82 (C6), 164.41 (C4). 15N
NMR (DMSO-d6, 50.58 MHz), δ, ppm: 133.9 (N1), 155.8 (N3). Found, %: C, 61.56; H, 7.36;
N, 14.98. C10H14N2O2. Calculated, %: C, 61.84; H, 7.27; N, 14.42.

6-Cyclohexyl-2-thiouracil (26): white solid; yield 72%; mp 286–288 ◦C (lit. 282–285 ◦C [46]);
1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 1.11–1.38 (m, 5H, CH2), 1.60–1.69 (m, 1H,
CH2), 1.70–1.87 (m, 4H, CH2), 2.30–2.40 (m, 1H, C1′H), 5.632 (s, 1H, HC5), 12.150 (s, 1H, N-H),
12.323 (s, 1H, N-H). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 25.04 (C4′), 25.52
(C3′), 30.32 (C2′), 39.82 (C1′), 100.56 (C5), 161.04 and 161.29 (C4 and C6), 175.97 (C2). 15N NMR
(DMSO-d6, 50.58 MHz), δ, ppm: 158.5 (N1), 180.7 (N3). Found, %: C, 57.92; H, 6.45; N, 13.52; S,
15.43. C10H14N2OS. Calculated, %: C, 57.12; H, 6.71; N, 13.32; S, 15.25.
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6-Isobutyluracil (27): white solid; yield 62%; mp 225.1–226.3 ◦C; 1H NMR spec-
trum (500.13 MHz, DMSO-d6), δ, ppm: 0.877 (d, J = 6.6 Hz, 6H, C6-CH2CH(CH3)2), 1.917
(sept, J = 6.8 Hz, 1H, C6-CH2CH(CH3)2), 2.154 (d, J = 7.3 Hz, 2H, C6-CH2CH(CH3)2), 5.301
(s, 1H, C5-H), 10.771 (s, 1H, N1-H), 10.913 (s, 1H, N3-H). 13C NMR spectrum (DMSO-
d6, 125.76 MHz), δ, ppm: 21.76 (C6-CH2CH(CH3)2), 26.53 (C6-CH2CH(CH3)2), 40.63
(C6-CH2CH(CH3)2), 98.81 (C5), 151.64 (C2), 155.36 (C6), 164.02 (C4). 15N NMR (DMSO-
d6, 50.58 MHz), δ, ppm: 136.0 (N1), 156.5 (N3). Found, %: C, 58.02; H, 7.45; N, 16.92.
C8H12N2O2. Calculated, %: C, 57.13; H, 7.19; N, 16.66.

2-((6-Amino-2-(butylthio)pyrimidin-4-yl)oxy)acetic acid (28): white solid; yield 39%;
mp 264–265 ◦C (lit. 265 ◦C [47]) 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 0.893
(t, 3H, J = 7.35 Hz, CH3), 1.380 (tq, 2H, J = 7.35, 7.38 Hz, CH2Me), 1.580 (tt, 2H, J = 7.35,
7.38 Hz, CH2CH2S), 2.950 (t, 2H, J = 7.35 Hz, CH2S), 4.734 (s, 2H, CH2OC4), 5.483 (HC5),
6.717 (s, 2H, NH2), 12.846 (br. s, 1H, C(O)OH). 13C NMR spectrum (DMSO-d6, 125.76 MHz),
δ, ppm: 13.59 (CH3), 21.51 (CH2Me), 29.42 (SCH2), 31.53 (CH2CH2S), 61.82 (CH2OC4),
81.93 (C5), 165.24 (C6), 167.73 (C4), 169.10 (C2), 170.08 (C(O)OH). 15N NMR (DMSO-d6,
50.58 MHz), δ, ppm: 82.6 (NH2), 219.2, 230.8. Found, %: C, 46.02; H, 5.98; N, 16.52; S, 12.13.
C10H15N3O3S. Calculated, %: C, 46.68; H, 5.88; N, 16.33; S, 12.46.

6-Nonyl-2-thiouracil (29): white solid; yield 73%; mp 147.5–148.6 ◦C; 1H NMR spec-
trum (500.13 MHz, DMSO-d6), δ, ppm: 0.858 (t, J = 6.9 Hz, 3H, CH3), 1.246–1.289 (m,
12H, CH2), 1.518 (p, J = 6.8 Hz, 2H, C6-CH2-CH2), 2.341 (t, J = 7.6 Hz, 2H, C6-CH2), 5.679
(s, 1H, C5-H), 12.223 (s, 1H, N1-H), 12.330 (s, 1H, N3-H). 13C NMR spectrum (DMSO-d6,
125.76 MHz), δ, ppm: 13.90 (CH3), 22.07 (CH2CH3), 27.13 (C6-CH2CH2), 28.27 (CH2), 28.58
(CH2), 28.64 (CH2), 28.81 (CH2), 31.24 (CH2), 31.29 (C6-CH2), 102.83 (C5), 156.79 (C6), 161.04
(C4). 175.97 (C2). 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 159.5 (N1), 180.0 (N3). Found,
%: C, 62.03; H, 8.78; N, 11.32; S, 12.33. C13H22N2OS. Calculated, %: C, 61.38; H, 8.72; N,
11.01; S, 12.60.

6-(tert-Butyl)-2-methylpyrimidin-4(3H)-one (30): white solid; yield 59%; mp
127.1–129.5 ◦C; 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 1.178 (s, 9H, C(CH3)3),
2.279 (s, 3H, C2CH3), 6.022 (s, 1H, HC5), 12.255 (s, 1H, NH). 13C NMR spectrum (DMSO-d6,
125.76 MHz), δ, ppm: 21.26 (CH3C2), 28.38 (C(CH3)3), 36.45 (C(CH3)3), 105.68 (C5), 157.82
(C2), 162.88 (C4), 174.36 (C6). Found, %: C, 64.03; H, 8.61; N, 16.27. C9H14N2O. Calculated,
%: C, 65.03; H, 8.49; N, 16.85.

2-(Methylthio)-6-nonylpyrimidin-4(3H)-one (31): white solid; yield 52%; mp
113.7–114.9 ◦C; 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 0.828 (t, J = 6.9 Hz, 3H,
CH3), 1.15–1.30 (m, 12H, CH2), 1.559 (p, J = 6.8 Hz, 2H, C6-CH2-CH2), 2.383 (t, J = 7.5 Hz,
2H, C6-CH2), 2.443 (s, 3H, SCH3), 5.649 (s, 1H, C5-H), 12.305 (s, 1H, N3-H). 13C NMR
spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 13.19 (CH3), 14.41 (CH3), 22.57, 27.72, 28.95,
29.14, 29.25, 29.35, 31.75, 31.80, 103.36 (C5), 157.33, 161.55, 176.50. Found, %: C, 62.83; H,
9.35; N, 10.26; S, 12.21. C14H24N2OS. Calculated, %: C, 62.65; H, 9.01; N, 10.44; S, 11.94.

6-Isobutyl-2-thiouracil (32): white solid; yield 73%; mp 217.2–218.2 ◦C (lit. 220.5–221.5
◦C [47]); 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 0.879 (d, J = 6.6 Hz, 6H,
C6-CH2CH(CH3)2), 1.903 (sept, J = 6.8 Hz, 1H, C6-CH2CH(CH3)2), 2.224 (d, J = 7.3 Hz,
2H, C6-CH2CH(CH3)2), 5.671 (s, 1H, C5-H), 12.201 (s, 1H, N1-H), 12.348 (s, 1H, N3-H).
13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 21.70 (C6-CH2CH(CH3)2), 26.89
(C6-CH2CH(CH3)2), 40.08 (C6-CH2CH(CH3)2), 103.77 (C5), 155.60 (C6), 160.91 (C4), 175.91
(C2). 15N NMR (DMSO-d6, 50.58 MHz), δ, ppm: 160.2 (N1), 180.6 (N3). Found, %: C, 51.92;
H, 6.71; N, 15.13; S, 17.28. C8H12N2OS. Calculated, %: C, 52.15; H, 6.56; N, 15.20; S, 17.40.

2-Amino-6-phenylpyrimidin-4(3H)-one (33): white solid; yield 60%; mp 301–302 ◦C
(lit. 303–304 ◦C [48]); 1H NMR spectrum (500.13 MHz, DMSO-d6), δ, ppm: 6.137 (s, 1H,
HC5), 6.698 (s, 2H, NH2), 7.42–7.47 (m, 3H, Ph), 7.93–7.99 (m, 2H, Ph), 10.961 (s, 1H,
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N3H). 13C NMR spectrum (DMSO-d6, 125.76 MHz), δ, ppm: 97,53 (C5), 126.56 (Ph), 128.30,
(Ph), 129.86 (Ph), 137.19 (Ph), 155.66 (C4), 162.55 (C6), 163.38 (C2). 15N NMR (DMSO-d6,
50.58 MHz), δ, ppm: 76.1 (NH2), 148.8 (N3), 191.7 (N1). Found, %: C, 64.82; H, 4.77; N,
22.21. C10H9N3O. Calculated, %: C, 64.16; H, 4.85; N, 22.45.

1,3-Dimethyl-6-isopropyluracil (34): colorless oil; yield 49%; 1H NMR spectrum
(500.13 MHz, CDCl3), δ, ppm: 1.256 (d, 6H, J = 6.75 Hz, (CH3)2CH), 2.902 (sept., 1H,
J = 6.75 Hz, C6CH), 3.343 (s, 3H, N3CH3), 3.469 (s, 3H, N1CH3), 5.689 (s, 1H, HC5). 13C
NMR (CDCl3, 125.76 MHz) δ = 21.39 ((CH3)2-CH), 27.93 (N3CH3), 29.64 (C6CH), 31.07
(N1CH3), 97.34 (C5), 152.82 (C2), 160.98 (C6), 163.07 (C4). 15N NMR (DMSO-d6, 50.58 MHz),
δ, ppm: 127.1 (N1), 153.3 (N3). Found, %: C, 59.01; H, 7.86; N, 15.52. C9H14N2O2. Calculated,
%: C, 59.32; H, 7.74; N, 15.37.

2.4. Biological Assays

Viruses and cells. Influenza virus A/Puerto Rico/8/34 (H1N1) was obtained from
the collection of viruses of the St. Petersburg Pasteur Institute. Before the experiment, virus
was incubated in Madin-Darby Canine Kidney (MDCK) cells (ATCC CCL-34) for 48 h at
36 ◦C. The infectious titer of the virus was determined in MDCK cells grown in 96-well
plates in alpha-MEM serum-free medium by end-point dilution assay.

Cytotoxicity Assay. MDCK cells were seeded onto 96-well culture plates (104 cells
per well) and incubated at 36 ◦C in 5% CO2 until continuous monolayer formation. To
assess the toxicity of compounds, a series of their 3-fold dilutions at concentrations of 300
to 3.7 µg/mL in Eagle’s Minimal Essential Medium (MEM) were prepared. The dilutions
were added to the wells of the plates. Cells were incubated for 48 h at 36 ◦C in a CO2 incu-
bator under 5% CO2. Further, a microtetrazolium (MTT) assay was performed on 96-well
plates. The cells were washed 2 times with saline (0.9% NaCl), and a 100 µL/well of MTT
solution [3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide] at a concentration
of 0.5 g/mL in MEM was added. The plates were incubated for 1 h at 36 ◦C, the liquid
was removed, and dimethylsulfoxide (DMSO) (0.1 mL per well) was added. The optical
density (OD) in wells was measured using a Thermo Multiskan FC spectrophotometer
(Thermo Fisher Scientific, Waltham, MA, USA) at a wavelength of 540 nm. Based on the
data obtained, the CC50—the concentration of the compound that destroys 50% of the cells
in the culture—was calculated for each specimen.

CPE Reduction Assay. The compounds in appropriate concentrations were added
to MDCK cells (0.1 mL per well). MDCK cells were further infected with the influenza
virus (m.o.i. 0.01). Plates were incubated for 48 h at 36 ◦C at 5% CO2. After that, cell
viability was assessed by the MTT test, as described above. The cytoprotective activity of
compounds was considered as their ability to increase the values of the OD compared to
the control wells (with virus only; no drugs). Based on the results obtained, the IC50 values,
i.e., the concentration of compounds that results in 50% cell protection, were calculated
using GraphPad Prism 6.01 software. IC50 values in µg/mL were then calculated into
micromoles. For each compound, the value of the selectivity index (SI) was calculated as a
ratio of CC50 to IC50.

Statistical analysis. All of the in vitro experiments were repeated three times. Calcu-
lation of CC50 and IC50 values was performed using the GraphPad Prism software package
(v.6.01), using a 4-parameter logistic curve equation as the working model for analysis
(menu items “Nonlinear regression”—“logarithm of inhibitor—response”).
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3. Results
3.1. Data Set Analysis

One of the important factors in the applicability of a machine-learning-based QSAR
approach is determination of the model applicability domain [49]. This procedure improves
the reliability of prediction results. In this study, we analyzed the molecules included into
our database of small molecules for the presence of pyrimidine and pyrimidin-4(3H)-one
fragments in their structures. The database contains 2255 compounds, whose structures are
presented in SMILES format, and the results of their biological testing against the influenza
A/H1N1 virus of different serotypes. The analysis revealed that the obtained substructures
were found in 47 and 13 compounds. The structures of compounds are presented in the
Supplementary Materials (Figures S4 and S5). In other words, the compounds under study
are within the applicability domain of the resulting models. It is worth noting that among
the molecules with a pyrimidin-4(3H)-one ring presented in the database, only two of the
thirteen have an SI value > 8. These structures are shown in Figure 2.

 

Figure 2. Results of a substructural search in the database. (A) A pyrimidin-4(3H)-one fragment
in the structure. (B) A pyrimidine fragment with any substituent at position 4. (C) A pyrimidine
fragment. The percentages indicate the number of small molecules with a given substructure in the
database. The key substructure is highlighted in blue. SI values less than 8 are shown in red, and
values greater than 8 are shown in green, respectively.

The database contains uracil derivatives tested against the influenza virus of strain
A/PR/8/34 (H1N1) [4]. This fact should facilitate a more accurate classification of the
studied small molecules as active or inactive, given that these compounds were present in
the training set of the ML model.
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3.2. Evaluation of Antiviral Activity

We have previously shown [18] that the classical Random Forest method [28], using
Morgan fingerprints [29] (fp-RF) as descriptors, turned out to be the most accurate for
solving the binary classification problem by means of the SI threshold > 8. The F-measure
value was 0.74. The sensitivity value is 0.6, the specificity value is 0.78, and the balanced
accuracy value is 0.69. Non-classical ML methods showed very mediocre results. The high-
est F-measure value corresponds to the MolFormer-Neural Network (MF-NN) model [30]
and equals 0.67. The sensitivity value is 0.67, the specificity value is 0.73, and the balanced
accuracy is 0.70. The uncertainty matrices of the rp-RF and MF-NN models are presented in
Figure 3A,B. The ROC area values for fp-RF and MF-NN are 0.7594 and 0.7567, respectively
(Figure 3C,D).

Figure 3. Final models after training: (A,B) uncertainty matrices; (C,D) ROC curves.

In this work, we used two ML methods (fp-RF and MF-NN) to separate pyrimidin-
4(3H)-one derivatives (Figure 4) based on the selectivity index.

In total, 60 models were trained in the study (30 random forest models and 30 models
based on neural networks), and each of them solved the binary classification problem with
respect to a given threshold p: the value of selectivity index in the range [2; 8] with a step
of 0.2. Each model allowed a prediction of whether the selectivity index value of a chemical
compound is within the range [0, p] or (p, 300]. The threshold of 300 was chosen as the
maximum possible SI value. Although the models failed to determine the exact value of
the index, but on the basis of the entire set of predictions, taking into account the given
range, it was concluded that the selectivity index values for each compound, if they are
less than 8, are in the range from 2 to 4.8 inclusive.

Compounds (9–34) were synthesized, and the values of their cytotoxicity against the
MDCK cell line and antiviral activity against the influenza virus of strain A/PR/8/34
(H1N1) were assessed.

The results of prediction by the classical ML method suggest that all pyrimidin-
4(3H)-one derivatives under consideration are unpromising as anti-influenza agents. The
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prediction result using the non-classical MF-NN ML method highlights compounds 16, 22,
30, and 34, for which the SI value may be greater than 8. The results of biological testing
allow us to identify only two promising compounds, for which SI (12) = 59 and SI (33) = 10
(Table 1). In other words, the use of the fp-RF method led to erroneous conclusions only in
two cases. The non-classical MF-NN method yields more erroneous conclusions.

Figure 4. Derivatives of pyrimidin-4(3H)-ones.

Table 1. Results of classification of antiviral activity of pyrimidin-4(3H)-one derivatives. Green
shading of the SI columns indicates a correct activity detection, while red shading indicates an
incorrect one. The calculated CC50 and IC50 values were given as mean ± standard deviation for the
three experimental replicates. “>” sign denotes that, across the investigated concentration range up
to highest point, no evidence of toxicity or activity was observed. The green color shows compounds
with a selectivity index (SI) greater than 8.

ID Compounds CC50, µM IC50, µM SI SIpred(fp-RF) SIpred(MF-NN)
9 >1629.1 >1629.1 1 SI < 8 SI < 8

10 >1655.5 413.9 ± 47.5 4 SI < 8 SI < 8
11 491.5 ± 33.7 164.3 ± 20.6 3 SI < 8 SI < 8
12 >1945.9 33.1 ± 5.3 59 SI < 8 SI < 8
13 855.8 ± 79.6 716.0 ± 87.8 1 SI < 8 SI < 8
14 >1629.1 431.2 ± 55.8 4 SI < 8 SI < 8
15 >1908.5 >1908.5 1 SI < 8 SI < 8
16 >1947.2 668.5 ± 71.8 3 SI < 8 SI > 8
17 >2095.6 >2095.6 1 SI < 8 SI < 8
18 >1794.2 1501.1 ± 178.8 1 SI < 8 SI < 8
19 >2140.7 1791.1 ± 187.3 1 SI < 8 SI < 8
20 >1264.0 185.4 ± 19.3 7 SI < 8 SI < 8
21 >1783.6 >1783.6 1 SI < 8 SI < 8
22 >1783.6 >1783.6 1 SI < 8 SI > 8
23 141.4 ± 25.4 138.5 ± 23.7 1 SI < 8 SI < 8
24 >1611.1 >1611.1 1 SI < 8 SI < 8
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Table 1. Cont.

ID Compounds CC50, µM IC50, µM SI SIpred(fp-RF) SIpred(MF-NN)
25 >1544.6 816.0 ± 93.8 2 SI < 8 SI < 8
26 >1426.5 >1426.5 1 SI < 8 SI < 8
27 >1783.6 >1783.6 1 SI < 8 SI < 8
28 >1165.9 >1165.9 1 SI < 8 SI < 8
29 >1179.3 >1179.3 1 SI < 8 SI < 8
30 >1804.8 >1804.8 1 SI < 8 SI > 8
31 122.2 ± 13.6 29.8 ± 3.5 4 SI < 8 SI < 8
32 >1628.1 >1628.1 1 SI < 8 SI < 8
33 >1602.6 164.0 ± 21.6 10 SI < 8 SI < 8
34 >1646.4 >1646.4 1 SI < 8 SI > 8

Zanamivir >903.6 3.3 ± 0.9 >274 No data No data

3.3. Molecular Modeling Results

Molecular modeling results can be used to develop prediction models. This approach
is based on searching for correlations between affinity, for example, the values of energy
of binding small molecules (∆Gbind) to the binding site of a biological target, and pIC50

values (the negative decimal logarithm of the half-maximal inhibitory concentration). This
relationship is most often used to describe the mechanism of biological activity of a number
of small molecules, as presented, for example, in [20,21]. We built prediction models
based on the relationship between ∆Gbind and pIC50 values. To do this, we performed
flexible molecular docking into the binding site of the PAN endonuclease domain of small
molecules containing a pyrimidine fragment (Figures S1–S3). The synthesis of compounds
P1-18, SI1-16, SII1-11 and the results of their biological testing are described in [9,23,24]. A
molecular docking protocol with variation in the values of ligand positional constraints
and in terms of the ligand and amino acid residues located within a radius of 5 Å was
selected for each specific group of compounds. The main criterion for the adequacy of
the molecular docking results was the value of the root mean square deviation (RMSD)
of atoms in the obtained docking positions relative to the geometric parameters of the
ligand in ligand–protein complexes resolved by X-ray diffraction (PDB ID: 4M5U [23]) and
4KIL [24]). In addition, attention was paid to the arrangement of several ligand atoms at
the binding site relative to the Mn2+ cations, the values of the binding energy parameters
(Docking score, Emodel, etc.), and the presence of undesirable clash interactions between
ligand atoms and atoms of amino acid side chains (Figure S6). This resulted in a set of
docking solutions, from which the top docking positions, ranked by IFD score, and/or
positions with the minimum RMSD value were selected. For the selected docking positions,
the binding energy (∆Gbind) was calculated (Figures S7–S9), and dependence diagrams
of the pIC50 and ∆Gbind values were plotted. Thus, we obtained a set of binding energy
values for each ligand under study. A natural question arises: which ∆Gbind value should
be chosen: the minimum or the one corresponding to the minimum RMSD value at the
selected docking position? In this study, several options were considered. First, the median
∆Gbind values corresponding to each of the docking positions under consideration were
calculated. When using median ligand binding energy values, no correlation was observed
between the data from biological experiments and the calculation results (Figure 5A). It
should be noted here that to obtain the ligand location at the binding site, it was necessary
to select a unique molecular docking protocol suitable only for a specific group of ligands.
This is since, for a number of molecules, it was not possible to obtain docking solutions (for
example, for compounds P1, P2 (Figure S7), SI-11-13, SI-15 (Figure S8), and SII-2, SI-10
(Figure S9)).
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Figure 5. The relationship between the binding energies (∆Gbind) and the negative logarithm of the
half-maximal inhibitory concentration pIC50: (A) median binding energies of all analyzed docking
positions; (B) median binding energies obtained using one docking protocol (prediction model 1);
(C) binding energies calculated for the selected optimal docking positions, outliers are highlighted in
red; (D) outliers on graph C have been removed (prediction model 2).

It is interesting that unsuccessful calculation results were obtained in most cases for
compounds with unreliable IC50 values (Figures S1–S3), i.e., the lower limit of the range to
which the IC50 value belongs is presented.

Secondly, we calculated the median binding energies of the docking positions obtained
using the following calculation protocol: PDB ID: 4KIL, SMART pattern: Occ(=O)[nH]c,
tolerance = 1, Mn2+ (Figures S7–S9). This docking protocol was suitable for most of the
ligands under consideration; however, in some cases, no possible ligand position at the
binding site was found. As a result, the median ∆Gbind values correlate with pIC50 for
which R2 = 0.62 (Figure 5B). These results were used to construct a prediction model 1
(model 1).

The third approach involved the analysis of each individual docking solution, taking
into account the ligand environment at the binding site. This method yielded a diagram of
the relationship between biological assays and theoretical calculations with an accuracy
of R2 = 0.78 (Figure 5C). At that, there are not points characteristic of compounds whose
biological assay results appear questionable in the diagram (Figure 5C, red dots). Ligand
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P1 (Figure S1) is particularly noteworthy. According to experimental data, compound
P1 exhibits moderate inhibitory activity against PAN. However, the calculations yielded
four docking positions, three of which suggest higher inhibitory activity due to their low
binding energies, comparable to those characteristic of the leading compounds in this group,
P16-18. Removing the red dots from the diagram in Figure 5C yielded a more accurate
relationship between pCI50 and ∆Gbind with correlation index R2 = 0.87 (Figure 5D), which
was used as prediction model 2 (model 2).

To check the adequacy of the prediction models, a number of points were randomly
removed from the diagrams in Figure 5B,D (Figures S10 and S11) and new dependence
diagrams were plotted. In prediction model 1, the correlation index decreased significantly
during the second validation (Figure S10, Table 2). In prediction model 2, the R2 value
in the validation diagram remained almost unchanged (Figure S11, Table 2). Then, using
the real numbers of the straight-line equations y = b[0] + b[1]x, the pIC50 values were
estimated (Table 2).

Table 2. Results of pIC50 value prediction based on molecular docking results.

ID Compound ∆Gbind, kcal/mol pIC50 (exp) pIC50 (pred) δ, %

Model 1 Validation 1 (Figure S10) R2 = 0.630 b[0] = 3.220, b[1] = −0.043

P3 −84.41 5.68 6.82 20%
P17 −96.30 7.27 7.33 1%
SII-2 −53.78 6.24 5.52 12%

SII-10 −73.27 6.82 6.35 7%
SI-3 −39.20 4.92 4.89 1%

Model 1 Validation 2 (Figure S10) R2 = 0.514 b[0] = 3.376, b[1] = −0.040

P5 −70.70 5.42 6.17 14%
P11 −87.70 7.33 6.85 7%
SII-7 −76.90 5.96 6.42 8%
SI-5 −50.93 5.12 5.39 5%
SI-9 −64.68 6.30 5.94 6%

Model 2 Validation 1 (Figure S11) R2 = 0.856, b[0] = 1.986, b[1] = −0.051

P5 −57.82 5.42 4.95 9%
P11 −105.02 7.33 7.38 1%
SII-7 −73.16 5.96 5.74 4%
SI-2 −44.92 4.28 4.29 0%
SI-9 −88.48 6.30 6.53 4%

Model 2 Validation 2 (Figure S11) R2 = 0.877, b[0] = 1.797, b[1] = −0.054

P3 −71.51 5.68 5.64 1%
P17 −100.17 7.27 7.18 1%

SII-10 −99.13 6.82 7.12 4%
SI-3 −50.81 4.92 4.53 8%
SI-15 −82.59 5.70 6.23 9%

The relative error in predicting the pIC50 value using the first prediction model (model
1) ranges from 1 to 20% (Table 2). The experimental and theoretical pIC50values correlate
with each other with a correlation index R2 = 0.52 (Figure 6A). Using the second model
(model 2), we obtained pIC50 (pred) values with relative errors of no more than 9%. The
range of relative errors varies from 0 to 9% (Table 2). In this case, the relationship be-
tween the pIC50 (pred) and pIC50 (exp) values is pronounced, and the correlation index is
0.93 (Figure 6B).
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Figure 6. The relationship between predicted and experimental pIC50 values: (A) the median binding
energy values for docking positions obtained using one protocol of molecular docking were used to
calculate pIC50; (B) the binding energy values obtained for the selected optimal docking solutions
were used to calculate pIC50.

It should be emphasized that optimal docking values were selected to construct the
second prediction model. Their choice was based on a visual analysis of small-molecule
binding, the absence of undesired clash interactions, and the minimal RMSD value, along
with the minimal binding energy parameters. At that, docking protocols for different types
of molecules may differ, since the primary goal is to find any probable ligand position
within the binding site, or, in other words, to place the ligand within the site “at any
cost”. This method requires attention and time, unlike the second approach, which uses the
median binding energy values obtained by means of one of the molecular docking protocols.
However, the resulting prediction model (model 2) gives more accurate predictions.

3.4. Affinity of Pyrimidine-4(3H)-one Derivatives to PAN

The constructed prediction models were used to predict the inhibitory potential of
pyrimidin-4(3H)-one derivatives against the endonuclease activity of the PA protein of
influenza virus. To do this, flexible molecular docking procedures were performed for
compounds 9–34 (Figure 4). Different molecular docking protocols were used, varying
the parameters of the ligand positional constraints. However, docking positions were
obtained only for four pyrimidin-4(3H)-one derivatives: 11, 12, 14, and 33. According to
the results of biological testing, two of these compounds are characterized by selectivity
indices greater than 8: SI (12) = 59 and SI (33) = 10; the other two compounds exhibit
moderate anti-influenza activity (Table 1). The IC50 values for compounds 11 and 33 are
comparable, but molecule 11 exhibited a greater cytotoxic effect. This result could perhaps
be interpreted as follows: hit compounds 12 and 33 likely exhibit anti-influenza activity
against the influenza virus by inhibiting the endonuclease activity of the viral protein PAN.

The location of pyrimidin-4(3H)-one derivatives in the PA binding site is shown in
Figure 7 in comparison with the reference compounds P16 and SI-9.

Compounds 11, 12, 14, and 33 are positioned at the binding site in such a manner
that one oxygen atom of the conjugated ring of the ligand coordinates to the Mn2+ ion.
Using the protein corresponding to PDB ID 4M5U, the ligands interact with Y130 through
a water-mediated hydrogen bridge (Figure 7A). The position of the side chain of K134
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during binding of pyrimidin-4(3H)-one derivatives is noteworthy compared to the binding
of the reference compounds. In the case of the reference compounds P16 and SI-9, the side
chain of K134 is located in close proximity to ligand oxygen (Figure 7A,B). In this case, a
hydrogen bridge is formed between one of the oxygen atoms of P16 and the NH2 group of
the side chain of K134.

 

Figure 7. Results of molecular docking of pyrimidin-4(3H)-one derivatives at the binding site of
the endonuclease domain of RNA polymerase: (A) docking to the PA binding site corresponding to
PDB ID 4M5U [23]; (B) docking to the PA binding site corresponding to PDB ID 4KIL [24]. Purple
beads—Mn2+ cation, red beads—water molecules; yellow dashed lines—hydrogen bonds, blue
dashed lines—π-π stacking interactions. The color of the frames corresponds to the docking protocol
(see Figures S7–S9).

The conjugated ring of pyrimidin-4(3H)-one derivatives is located in close proximity to
the histidine at position 41. Therefore, upon ligand binding at the active site corresponding
to the PDB code of 4KIL (Figure 7B), π–π stacking interactions are recorded between the
derivative ring and H41. Molecular docking of compound 33 to the active site of PA
(4KIL) was successful only in the absence of positional constraints on the ligand. Moreover,
binding of ligand 33 is accompanied by patterns similar to those characteristic of binding
of derivatives 11, 12, and 14: a hydrogen bridge with Y130, an effect on the side chain of
K134, and π–π stacking interaction with the conjugated ring H41.

The energy parameters of molecular docking are given in the Supplementary Materials
(Table S1). The pIC50 values, estimated on the basis of prediction model 2, characterizing
the inhibition of the viral protein PA are presented in Table 3. In general, the predicted
pIC50 values (pred PAN) agree with the pIC50 values (A/H1N1), which characterizes the
inhibition of influenza virus replication. At least the most active compound 12 and the least
active compound 14 (according to the results of the biological assay) are characterized by
high and low pIC50 (pred PAN) values, respectively (Table 3, Figure S12).

Table 3. Assessment of the predicted pIC50 value of PAN inhibition.

ID
pIC50

(A/H1N1)

Mediana Values 4M5U
(min RMSD)

4KIL
(min RMSD, Except 33)

∆Gbind,
kcal/mol

pIC50
(pred-PAN)

∆Gbind,
kcal/mol

pIC50
(pred-PAN)

∆Gbind,
kcal/mol

pIC50
(pred-PAN)

11 3.78 −67.43 5.47 −75.72 5.89 −64.92 5.35
12 4.48 −76.45 5.92 −84.84 6.34 −78.43 6.02
14 3.37 −66.68 5.44 −73.29 5.77 −60.07 5.11
33 3.79 −75.53 5.88 −75.53 5.88 −75.82 5.89
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Thus, a combined analysis of biological assays and molecular docking results suggests
that the mild antiviral activity of the studied pyrimidin-4(3H)-one derivatives against
the influenza virus of strain A/PR/8/34 (H1N1) is most likely due to their effect on the
function of the viral endonuclease. Compound 12, in this case, can be considered a starting
structure that needs to be modified to increase its affinity to the PAN active site.

3.5. Prediction Model Validations

The prediction models developed in this work, based on machine learning and molec-
ular modeling methodology, have been validated on independent compounds; information
on the synthesis and biological assay of these compounds is presented in [7,10,24]. The
results of model validation are presented in Figure 8. All the structures under consideration
include a pyrimidin-4(3H)-one fragment.

 

Figure 8. Results of prediction model validations. The key pyrimidine scaffold is shown in green.
The colors of the antiviral activity values correspond to the color used to highlight the biological
experiment method.

Compounds 2 and 3 in Figure 8 inhibit the replication of the infectious influenza virus
and affect the function of the viral polymerase complex likely by binding to the endonu-
clease domain [7]. The ML-driven estimate attributes these structures to the unpromising
ones, as in both cases the predicted SI value is less than 8, which is consistent with the
results of biological assay. The low values of the selectivity index are associated with the
high cytotoxicity of the compounds. The pIC50 (pred PAN) values estimated based on the
molecular modeling results differ by an order of magnitude, which is also consistent with
the results of the biological assay.

https://doi.org/10.3390/scipharm94030060

https://doi.org/10.3390/scipharm94030060


Sci. Pharm. 2026, 94, 60 20 of 23

The PAN inhibitors 4 and 5 [24] (Figure 8) were used to construct prediction models
based on molecular modeling. Unfortunately, no information on the inhibition of the
replication of infectious influenza virus of any strain by these compounds was found in the
scientific literature. Moreover, the prediction model based on machine learning classifies
these structures as inactive.

Two antiviral agents 7 and 8 (Figure 8) are characterized by a selectivity index greater
than 8, and for one agent this value is less than 8. According to [10], the compounds inhibit
the replication of the influenza virus of strain A/PR/8/34 (H1N1), but the mechanism of
their antiviral action is unknown. In such cases, the use of a prediction model based on
ML methodology is most justified, since the target protein is not defined. Using the fp-RF
method allows one to obtain the correct answer in two out of three cases (Figure 8).

It should be noted that our literature review did not yield a sufficiently large number
of compounds containing a pyrimidine fragment and tested against the infectious influenza
virus, which can be used to validate the prediction models independently. These com-
pounds are not present in our database. In [7], the compounds under study inhibit the
endonuclease function of influenza virus at micromolar concentrations; however, only one
compound exhibits significant activity against the infectious A/PR/8/34 (H1N1) strain
(Figure 1). In all other cases, as in the case shown in Figure 8, the IC50 value is presented as
the lower limit of the range.

Papers [9,23,24] are devoted to the development of viral endonuclease inhibitors: they
present the synthesis of small molecules, their description, biological assay in relation
to PAN and even the geometric parameters of ligand-protein complexes (ligand-PAN)
deciphered by the X-ray structural analysis. However, there are no data on the inhibition
of replication of the infectious strain. In a relatively recent publication [10], out of twelve
compounds tested against the influenza virus of strain A/PR/8/34 (H1N1), only three are
characterized by an SI value greater than 8. Two of them, including one inactive one, we
used to check our calculations. In general, the result of validation of prediction models
can be considered satisfactory. In four cases out of five, the prediction result using the ML
methodology is correct (Figure 8).

4. Discussion
In this study, we used two approaches to evaluate the antiviral potential of pyrimidin-

4(3H)-one derivatives. The fp-RF machine learning method classifies all the compounds
under study as inactive. Strictly speaking, in two cases an erroneous version was obtained.
However, analysis of the results of biological testing of the studied compounds against the
influenza virus of strain A/PR/8/34 (H1N1) hardly allows us to classify these molecules as
antiviral agents. The SI values are significantly lower than those of zanamivir, which was
used as a reference drug. Furthermore, for the well-known anti-influenza drugs oseltamivir
and umifenovir, the selectivity index varies from 121 to 1000 depending on the virus
strain [50–52]. Nevertheless, based on pharmacological principles [19], compound 12 can
be considered as a starting molecule.

This involves molecular modeling methods and prediction models based on the re-
lationship between the binding energy ∆Gbind and pIC50 values. According to molecular
docking results, only four structures of the pyrimidin-4(3H)-one derivatives considered
bind to the active site of the endonuclease domain. For two of the four compounds, the
selectivity index exceeds 8. The predicted pIC50 (pred-PAN) values, characterizing PAN
inhibition, correlate with pIC50 values obtained from biological testing and demonstrat-
ing the ability of compounds to suppress the replication of an infectious influenza virus
strain in the MDCK cell line. The mechanism of action of the promising pyrimidin-4(3H)-
one derivatives is likely related to their effect on the endonuclease function of the virus.
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Compound 12 is located in the binding cavity, coordinating with the Mn2+ cation. Given
the volume of known PAN inhibitors and the size of the active site, the molecule can be
modified to increase its affinity for the target protein.

A combined analysis of calculations and biological assays allows us to conclude that
machine learning methodology can be successfully used at the initial stage of selecting
potentially active compounds. Molecular modeling methods can describe the mechanism
of the antiviral action of small molecules, if the viral target is identified. We believe that
both approaches should be used to reduce the physical and financial costs associated with
the development of new low-toxicity antiviral agents.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/scipharm94030060/s1. SI-1: Figures S1–S3. PAN inhibitors;
Figures S4 and S5. Results of a substructural search; Figure S6. Molecular redocking results;
Figures S7–S9. Molecular docking results; Figures S10 and S11. Prediction models; Table S1. Molecu-
lar docking results; Figure S12. Prediction models validation. SI-2: NMR spectra.
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