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Abstract

Continuous effort is dedicated to clinically and computationally discovering potential drugs for the novel coronavirus-2.
Computer-Aided Drug Design CADD is the backbone of drug discovery, and shifting to computational approaches has
become necessary. Quantitative Structure—Activity Relationship QSAR is a widely used approach in predicting the activity
of potential molecules and is an early step in drug discovery. 3-chymotrypsin-like-proteinase 3CLpro is a highly conserved
enzyme in the coronaviruses characterized by its role in the viral replication cycle. Despite the existence of various vaccines,
the development of a new drug for SARS-CoV-2 is a necessity to provide cures to patients. In the pursuit of exploring new
potential 3CLpro SARS-CoV-2 inhibitors and contributing to the existing literature, this work opted to build and compare
three models of QSAR to correlate between the molecules’ structure and their activity: ICs, through the application of
Multiple Linear Regression(MLR), Support Vector Regression(SVR), and Particle Swarm Optimization-SVR algorithms
(PSO-SVR). The database contains 71 novel derivatives of ML300which have proven nanomolar activity against the 3CLpro
enzyme, and the GA algorithm obtained the representative descriptors. The built models were plotted and compared follow-
ing various internal and external validation criteria, and applicability domains for each model were determined. The results
demonstrated that the PSO-SVR model performed best in predictive ability and robustness, followed by SVR and MLR.
These results also suggest that the branching degree 6 had a strong negative impact, while the moment of inertia X/Z ratio,
the fraction of rotatable bonds, autocorrelation ATSm2, Keirshape2, and weighted path of length 2 positively impacted the
activity. These outcomes prove that the PSO-SVR model is robust and concrete and paves the way for its prediction abilities
for future screening of more significant inhibitors' datasets.
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Introduction

Corona Virus Disease 2019 (COVID-19) was declared by
the World Health Organization WHO as a global pandemic
on 12 March 2020 after its first outbreak in Wuhan, China,
in December 2019 (Ciotti et al. 2020). The cause of this
unprecedented pneumonia was a coronavirus, later named
Severe Acute Respiratory Syndrome coronavirus-2 SARS-
CoV-2 (Harapan et al. 2020). As of 4:59 pm CEST on 1
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April 2022, the world counts 486 761 597 confirmed cases
of COVID-19 and 6 142 735 reported deaths (https://covid
19.who.int/). SARS-CoV-2 is a beta-enveloped positive-
sense single-stranded RNA coronavirus with a genomic
sequence identity of 96.2% with BatCoV RaTG13, a bat
coronavirus detected in Rhinolophusaffinis from the prov-
ince of Yunnan province, China (Harapan et al. 2020).
Vaccines have recently been developed and licensed for
urgent use to fight against COVID-19. However, they still
present potential problems for patients with allergies, preg-
nancy, and immune disorders (Zhai et al. 2021), in addition
to difficulties of access and distribution, especially in poor
developing countries (Palestine and some African countries)
(Alaran et al. 2021; Feinmann 2021). Moreover, reaching
collective immunity to ensure complete control over the pan-
demic is time-consuming and yet to be achieved (Zhai et al.
2021). The absence of an appropriate antiviral treatment
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worsens the situation (Kirmani et al. 2021). Henceforth, a
specific treatment for infected patients is a must to preserve
lives.

The 3-chymotrypsin-like-proteinase 3CLpro is a highly
conserved enzyme across coronavirus variants (Zhai et al.
2021). Despite the emergence of new mutated variants
(B.1.1.7, B.1.351, P.1, and B.1.617) (Tahir ul Qamar et al.
2020), the structure of the viral protease 3CLpro remained
highly conserved and showed no mutation. Moreover,
3CLpro has available biological evaluation experiments
and relies on structural and genomic studies, making neces-
sary data available (Tahir ul Qamar et al. 2020). It interferes
in the replication process (Yan and Gao 2021), where it is
responsible for the cleavage of 11 non-structural proteins
(nspl to nspl1) (De et al. 2020) essential for viral replica-
tion and transcriptase (Dongliang et al. 2022). In light of this
evidence, 3CLpro is considered a valuable target in fighting
against SARS-CoV-2.

Given the tedious process of drug discovery and drug
repurposing, there is an urgent need to move towards com-
putational approaches. They are a quick and cost-effective
choice in disease control (Hamadache et al. 2017). Quantita-
tive Structure—Activity Relationship QSAR is a promising
in silico method used to predict the biological activities of
different compounds based on the structure (Hamadache
et al. 2016), including molecules that have not yet been syn-
thesized. It is established on a solid mathematical algorithm
that can produce a predictive correlation model (Laidi et al.
2020). The theory is that the structure contains the element
responsible for its activity (Janairo et al. 2021; Yu 2021).

Yu (Yu 2021), in his study, established a QSAR model
to predict the inhibitory constant pKi of 89 compounds
against 3CLprousing support vector machine and genetic
algorithm methods. Six descriptors were selected,
and the optimal hyperparameters were C=90.234 and
y=1.198107. Coefficients of determination of 0.839 and
0.747 were obtained for the training, and test sets, respec-
tively, with a root, mean square error RMSE of 0.435 and
0.525 in the same order.

In a related study, Janairo et al. (Janairo et al. 2021) built
and compared different models to predict the inhibitory
activity of the 3CLpro enzyme. SVR, Classification and
Regression Trees CART, random forest, and MLR were
tested. The best-performing model was found to be MLR
with values of R>=0.806 and RMSE = 0.430 for the test set.

Ishola et al. (Ishola et al. 2021) have developed a QSAR
model using MLR to predict the inhibitory activity of known
compounds from ChEMBL targeting the viral 3CLpro. The
model constructed had a correlation coefficient R? of 0.907
and a cross-validation coefficient Q? of 0.866.

One major challenge facing machine learning tech-
niques is the considerable number of parameters to
tune before running the algorithm. The performance of
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the regression algorithms is highly affected by the val-
ues of their parameters. These are either set by default
or manually configured based on trial and error (Probst
et al. 2019). Despite the advantages of the support vec-
tor regression technique compared to other supervised
learning techniques: suitable for nonlinear phenomena,
flexibility thanks to the kernel functions, and easy imple-
mentation (Peng and Nagata 2020), it is not an excep-
tion from the challenges mentioned above (Calvet et al.
2017). Alternatively, metaheuristic optimization algo-
rithms can potentially solve the parameter tuning and the
overfitting of machine learning techniques thanks to their
guided search of near-optimal approximates in very little
computational time (Shen et al. 2004). Particularly, par-
ticle swarm optimization PSO has proved its efficiency in
improving the robustness and the performance of machine
learning algorithms compared to other optimization algo-
rithms, such as the genetic algorithm GA (Wihartiko et al.
2018). It is advantageous over other techniques as it is
easier to implement, has fewer parameters, and yields bet-
ter accuracy with fewer iterations (Alkabbani et al. 2021).
However, very little attention was drawn to it, and very
few works have considered its application in predicting
inhibitors against the 3CLpro enzyme. Furthermore, the
combination of Support Vector Regression-PSO algo-
rithms can outperform other methods thanks to their indi-
vidual and combined advantages.

To this end, this work aims to build a model able to accu-
rately predict the activity (ICs,) of a set of 71 molecules to
inhibit the viral SARS-CoV-2 3CLpro using a PSO-SVR
hybrid algorithm and to compare it to existing regression
algorithms: MLR and SVR. The characteristics have been
calculated using the online Blue-Desc Descriptor Calcula-
tor software. Representative descriptors were then selected
using the Genetic Algorithm to serve as inputs, along with
the converted pICs, to the regression algorithms. A com-
parison has been performed based on validation criteria.

Materials and methods
Data set retrieval

The logic behind the selected nonpeptidic and noncovalent
molecules is their proven activity against 3CLpro SARS-
CoV-2 and their novelty (Han et al. 2021). The selected
compounds are derivatives of ML300 (Fig. 1 a), a potent
probe noncovalent inhibitor of the SARS-CoV-1 3CLpro
developed by Molecular Libraries Probe Production Cent-
ers Network (MLPCN), that despite its nanomolar activity,
it was far from being optimized and suffered from poor
metabolic stability. A novel benzotriazole-based deriva-
tives series was synthesized. They have a much more
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Fig. 1 2D structures of nonco-
valent and covalent inhibitors: a
ML300, b GC376

(@)

robust nanomolar and submicromolar inhibitory potential
in live SARS-CoV-2, with a better metabolic profile (Han
et al. 2021). These derivatives were intriguing for several
reasons. Their experimental activity values were deter-
mined, and thus the interpretation of a QSAR model is
applicable. Otherwise, data may risk being heterogenous
(same molecule but with two or more activity values from
different resources). Also, their mechanism of action is
well-determined and different from the recently proven
inhibitor GC376 (Fig. 1 b). These molecules follow a
noncovalent binding mode, while the GC376 follows a
covalent binding mode with the residues in the enzyme’s
active site. The original articles (Han et al. 2021) and
(Fu et al. 2020) explain the detailed mechanisms for the
ML300 derivatives series and GC376, respectively. It is
worth mentioning that, generally, noncovalent inhibitors
are advantageous over covalent inhibitors in terms of
low toxicity and broader inhibition spectrum (Aljoundi
et al. 2020). This means that noncovalent inhibitors are
not only safer and more likely to reach clinical trials and
approval, but they can also affect similar targets, which
means they are more likely to be repurposed or reposi-
tioned. For example, ML300 analogues can target HKU4,
a suspected reservoir host for MERS (John et al. 2015).
Finally, the quantitative structure—activity for these deriva-
tives remains unknown (Han et al. 2021), making model-
ling this relationship necessary. Thus, the QSAR models
built on the selected database open the door to discover-
ing novel potent noncovalent inhibitors, different from the
proven covalent ones, and pave the way for further dock-
ing, virtual screening, and synthesis research to identify
potential hits based on its findings.

The visualization of the molecules' structures and the
generation of their 3D structures with minimal energy were
carried out using the Data-Warrior software (Sander et al.
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=
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2015). All the used molecules are presented in the supple-
mentary material (Table S-I), along with their ICs;, values
and.

Other information. For linearization purposes, the experi-
mental values of the half maximal inhibitory concentration
(IC5y, nM) were converted to 9 minus the negative decimal
logarithmic scale (pICsy=9-log (ICs)).

Descriptors generation and selection

Molecular descriptors are the numerical representation of
molecules’ structural features; they were calculated by Blue-
Desc Descriptor Calculator (http://www.scbdd.com/blue_
desc/index/) through the online platform ChemDes (Dong
et al. 2015)to obtain134 3D, 2D, and 1D descriptors of vari-
ous families (topological, electronegativity, autocorrelation,
functional groups). The genetic algorithm and Double Cross-
Validation DCV tool (Roy and Ambure 2016) were used to
select only the representative descriptors. This step removes
highly correlated descriptors, null, infinity, constant, and near
constant descriptors (minimal deviation of the descriptors’
values for the molecules). It leaves only the descriptors that
induce a change in the activity value when they change. Hence,
the number of descriptors was reduced to 7 impactful descrip-
tors and thus forming a matrix of 71 x7.

Data division and model development

The data set was optimally distributed into a train set, con-
taining 80% of the dataset, and a test set, including 20% of
the dataset. QSAR models were developed using MLR, SVR,
and PSO-SVR. The MLR was performed using MLRplus-
Validation 1.3 software (http://teqip.jdvu.ac.in/QSAR_Tools/)
whereas the SVR and PSO-SVRalgorithmswere conducted
using MATLAB environment.
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Regression methods
Multiple linear regression

Multiple Linear Regression MLR is a type of linear regres-
sion that takes more than one explanatory (independent)
variable (x;, ..., X,) to build a multivariate predictive
model(Uyanik and Giiler 2013). The equation governing
MLR is as follows:

yi=ﬁ0+ﬂ1xli+ﬂ2x2i+...+ei (1)

where y; is the dependent variable (output), f, is the inter-
cept corresponding to the dependent variable's valuable
when all the independent variables are equal to zero, f is the
coefficient of each independent variable, i.e. each descriptor
contribution, and e is the error (residual) (Roy et al. 2015a).
The independent variables should not be correlated but
uniquely describe the outcome (dependent variable), while
their number should be kept below one-fifth of the number
of observations. A fast statistical analysis on the descrip-
tors will reveal the over-fitting problem. Accordingly, the
number of independent variables can be decreased to avoid
over-fitting in the MLR model (Awad and Khanna 2015).

Support vector regression

Support Vector Regression SVR is a regression technique
rooted in Vapnik’s concept of support vector. SVR is a
kernel-based technique with a solid theoretical basis and
is generally easier to implement than artificial neural net-
works, its major competitor (Rupp 2015).SVR is a super-
vised-learning machine characterized by using Kernel
functions, the number of support vectors, penalty param-
eters C, coefficient of non-sensitivity €, and the Gaussian
nucleus bandwidth ¢ (Liu et al. 2018). These parameters
can be manually defined or by the mean of heuristic opti-
mization algorithms.

Particle swarm optimization PSO

Inspired by the behaviour of swarms such as birds’ flocks
and ant colonies, Particle Swarm optimization is a wide-
spread metaheuristic that Kennedy and Eberhart first
developed. It solves complex nonlinear optimization prob-
lems with the advantages of having fewer parameters to
adjust and an already available literature discussion and
community for the parameters that should be adjusted
(Almeida 2019). It consists of finding the solution (global
best gbest) by comparing and updating an individual’s
information of position and velocity (personal best pbest)
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(Mitikiri et al. 2018). PSO is coupled with machine learn-
ing algorithms to determine their optimal parameters.

Statistical validation

Statistical validation establishes the reliability and relevance
of the built model for the specific target (Roy et al. 2015a).
One of the challenges of validating the QSAR model is to
prove it statically accurate in predicting the activity of new
molecules unknown to the model (Roy et al. 2016). Inter-
nal and external validation criteria were calculated using
the external validation tool downloaded from https://sites.
google.com/site/dtclabxvplus/ and the Leave One Out vali-
dation from https://dtclab.webs.com/software-tools. An
extensive explanation of the tool and the metrics used has
been detailed in the literature(Roy and Ambure 2016; Ham-
moudan et al. 2021). Another recent and exciting criterion
to compare different models’ fit is Akaike’ sinformation cri-
terion AIC. The lowest value of the AIC corresponds to the
model that is best fitted to the experimental data (Falyouna
et al. 2020). The used statistical validation criteria and their
formulas are detailed in Table 1.

Applicability domain

The Applicability Domain AD is a theoretical space defined
by the model’s descriptors and the predicted response of
the molecules. The model is considered reliable in the AD
space. Thus, the modelled responses outside the AD are
considered outliers (Roy et al. 2015b). The AD estimation
approaches can be classified as descriptor-space-based and
training-set-response-space-based approaches.

The first includes ranges in the descriptor space; the geo-
metric training-set-response-space-based approach includes
the range of the variable response technique. Thus, a mol-
ecule is considered outside the AD of a particular model if
it satisfies the following conditions: (i) at least one descrip-
tor is outside of the ranges approach, and (ii) the distance
between the chemical and the centre of the training data
set is greater than the acceptable threshold for distance
approaches(Roy et al. 2015a). In the present work, the AD
was calculated using the Applicability Domain MATLAB
toolbox downloaded from https://michem.unimib.it/.

Results and discussion

Selection of representative descriptors

The selection was performed using the GA in Build-QSAR
software, revealing the seven most representative descrip-

tors: numberOfHal, SPC-6, WTPT2, MOMIXZ, Kier-
Shape2, Numberrotatablebonds, ATSm?2.
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Table 1 2D structures of the selected molecules
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Table 1 (continued)
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Table 1 (continued)
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Table 1 (continued)
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Constitutional descriptors

Number of hal A 1-dimensional descriptor representing
the number of halogen atoms in the molecule. Halogens are
highly electronegative species and are thus highly reactive
as they interact with a donor of electron density (Titov et al.
2015). The organic halogens form halogen bindings with the
amino acid residues in the active site, specifically chlorine
that highly interacts with leucine (Kortagere et al. 2008).

Number rotatable bonds

It is a one-dimensional descriptor that counts the num-
ber of bonds that allow free rotations around themselves
(Khanna and Ranganathan 2009). The existence of rotat-
able bonds increases the bioavailability of the molecule
and thus indicates the ability for good drug efficacy. The
bioactivity depends on the number of rotatable bonds: ten
rotatable bonds or fewer bonds have a significant positive
impact on the bioavailability and, henceforth, on the mol-
ecule’s activity (Veber et al. 2002).

Topological descriptors
Topological descriptors are determined from the graphi-

cal representation of molecules without hydrogen atoms.
They are thus two-dimensional descriptors that value the
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weighted arrangement of atoms and their bonds (Roy et al.
2015a).

SPC-6 In general, connectivity indexes measure the possi-
bilities of a molecule interacting with another molecule in a
milieu. SPC-6 is a 2-dimensional descriptor that stands for
Chi Path/Cluster index. It evaluates the connectivity index
at the sixth order or the sixth degree of branching (Dong
et al. 2015). SPC-6 considers an atom’s number of electrons
and valence electrons. It represents the hypervolume of
order 6 in a molecule resulting from contributions of cluster/
path fragments (Estrada 2002) and, therefore, the accessible
reactivity space of a molecule with the target, in this case,
the active site of 3CLpro.

WTPT2 Weighted path-2 is a two-dimensional descrip-
tor (Guha and Jurs 2005) that measures weighted paths of
length two in a molecule divided by the number of atoms
in the same molecule (Kombo et al. 2013). In graph theory,
a path is an alternating sequence of vertices and edges that
begins and ends with a vertex without passing by the same
vertex more than once. A weighted path assigns a numeri-
cal value (weight) to each edge depending on the type of
atom existing, thus providing information about the align-
ment and sequence of atoms and, henceforth, about the
physicochemical properties of a molecule (Attenborough
2003). Additionally, molecules with similar WTPT?2 values
are more likely to share similar structures and, thus, similar
potency. Therefore, WTPT?2 can be very useful in similarity
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screening. More importantly, high values of WTPT?2 indi-
cate a more compact and branched structure, with shorter
average distances between pairs of atoms. This is useful in
inhibiting 3CLpro since the latter has multiple sub-sites and
a complex shape with several pockets. A more branched
complex molecule is likelier to fit and interact with the
3CLpro active site (Jain 2004).

Kier Shape 2 It calculates the Kier shape for paths with a
length of two (Sauer and Schwarz 2003). This descriptor
provides information about the molecular shape, normal-
ized by the number of atoms relative to the star and linear
graphs: the extreme shapes a molecule can take. The shape
of a molecule directly influences the structural complemen-
tarity with the active site of the target enzyme. It allows the
occurrence of intermolecular forces with minimum energy.
K? index quantitates the contribution of the molecular shape
to the molecular activity.

Geometrical descriptors

MOMIXZ A three-dimensional descriptor that measures the
moment of inertia along the axes ratio X to Z (Sauer and
Schwarz 2003). The moment of inertia generally describes
how the mass of a rigid body is distributed. The descrip-
tors MOMY X and MOMY Z measure how hard it is to
spin the molecule along the axes X and Z, respectively. The
closer the mass is to the axis, the smaller the moment of
inertia. MOMIXZ compares the moment of inertia of axis
X to Z. In other words, it provides information about the
molecule’s orientation when in contact with the active site
of 3CLpro. It is also noted that the moment of inertia evalu-
ates properties such as geometry, shape, and conformation
(Torkington 1950). This stands for great importance as the
activity of inhibitors is directly related to the spatial confor-
mation complementarity between the enzyme’s active site
and the molecules. A molecule must be in the proper posi-
tion and have the corresponding conformation to exhibit its
inhibitory effect correctly. Otherwise, it cannot attach to the
enzyme.

The analysis of the descriptors indicates that the nature
of atoms and their sequence, bonds, and shapes influence
their activity. Considering the properties of the active site
of 3CLpro, it is logical that the nature of atoms, represented
by the number of halogens, matters because it is the engine
of all kinds of bonds between the enzyme and the inhibitors.
The molecules’ planetary (rotatable bonds, connectivity,
shape, autocorrelation, weighted path) and 3-D dimension
(moment of inertia) reflect the aspect of structural com-
plementarity, as they consider the shape, the sequence, the
neighbouring skeletons, and the rotation among axes.

The contributions of each descriptor are illustrated in
Fig. 2. The relative importance of the selected descriptors

50

Relative Importance (%)

Fig.2 The relative importance of the selected descriptors

was calculated using the Mean Effect method (Abdulfatai
et al. 2020). The MOMIXZ descriptor had the greatest posi-
tive importance, explaining 40% of the activity, followed
by the Kier Shape 2, Numberrota table bonds, ATSM2, and
finally WTPT?2, the SPC-6 had the most significant negative
contribution, followed by the Number of hal, with the most
negligible relative importance. The results further sustain
the above interpretation, indicating that to maximize the
inhibitory activity of these nonpeptidic noncovalent mol-
ecules, the structural complementarity in terms of mass
centred towards the X axis over the Z axis, the presence of
rotatable bonds at least 20% in the molecules, the weighted
paths of lag 2 and the shape of fragments of lag 2 influ-
ence positively the activity. Whereas the number of halogens
slightly decreases the activity, the significant branching of
molecules (6th degree) hinders the binding with the active
site. This explains the inversely proportional relationship
governing the degree of complexity of the hypervolume of
interaction and the activity.

QSAR models’ development
MLR model

This study developed an MLR model to predict the inhibi-
tory activity of various molecules against SARS-CoV-2,
the 3CLpro viral enzyme. The established MLR model
(Eq. 2) shows the linear relationship between the selected
descriptors and the activity. The coefficients linked to each
descriptor represent the weights and the type of contribution
(positive or negative). The validation criteria in Table 2 for
this model showed its weak ability to predict with relatively
low R and R? values (under the accepted value of R%<0.6).
The table indicates that the MLR model failed to pass the
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Table 2 Statistical criteria for the MLR, SVR, and PSO-SVR models

Validation Model
criterion
MLR SVR PSO-SVR

R? 0.4350 0.9665 0.9720
Q? 0.4350 0.9664 0.9720
r'm2 0.2723 0.9497 0.9550
Arm2 0.3254 0.0283 0.0244
RMSE 0.5540 0.1367 0.1243
AIC —64.9684 —249.1234 —264.5433

threshold value for r"m2 (>0.5) and Arm2 (<0.2) (Ojhaet al.
2011; Euldji et al. 2022). Fig.S-1 shows the regression plot
for the train and test sets, where the predicted values do not
corroborate with the experimental values. The highest AIC
value of the model shown in Table 3 (—64.9684) indicates
that it fitted the experimental data very weakly.

PICsy =13,112 4+ 0.173SPC6 — 0.503WTPT2
— 1.276MOMIXZ — 0.1579types, Kier Shape2
— 8.149 types, Fraction Rotatable Bonds
— 0.0289ATSm?2 + 0.14323 Number Of Hal

@

Support vector regression model

To determine the optimal values of the SVR hyperparam-
eters, a loop was constructed to evaluate the cost function
values each time based on the hyperparameters’ incrimina-
tion. The chosen Kernel function and the best combination
of the hyperparameters were found to be C=500, y=1,
£=0.0485, and the Radial Basis Function RBF as the ker-
nel function. The predicted values of pIC50 by the SVR
method are listed in Table S-II in the supplementary file.
The evaluation criteria for the training set and the test set
performance of the SVR model are summarized in Table 2.
The predicted values of pIC50 of the inhibitors for the train-
ing set test set versus their observed values are represented
in Fig. 3. The developed model showed a good correlation

Table 3 External validation criteria for the MLR, SVR, and PSO-
SVR models

Validation criterion Model
MLR SVR PSO-SVR

R? Test 0.2851 0.8932 0.9310
Q2Fl 0.6327 0.9121 0.9765
r"m? 0.0414 0.7671 0.8959
r m? 0.4245 0.1099 0.0569
Cccc 0.3877 0.9218 0.9639
RMSE 0.6465 0.2203 0.1870
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Fig.3 SVR Regression plot

between the predicted and observed values with low RMSE
(0.1367), high R? (0.9665), and good robustness indicating
by the Qz, rm2, and Arm? values that satisfy the threshold
value. The AIC value of this model (—249.1234) reveals
that the SVR model fitted the experimental data better than
the MLR model.

SVR-particle swarm optimization model

The combination of the PSO and SVR algorithms aims to
find the optimal variety of the hyperparameters that yields
the smallest error values by testing a huge number of pos-
sible combinations. The best combination consisted of
C=131.7001, y=1, and €=0.0350. It is thus a way to avoid
the overfitting of the model with a higher R? coefficient
(0.9720)and lower RMSE value (0.1243). The values of Q?,
1,2 and Ar,,? of this model also satisfy the threshold value.
The value of R>-Q? for the whole set (both training and test)
0.9650-0.9649 is 0.0001 (accepted value <0.3), indicating
that the model is not overfitted (Euldji et al. 2022). Table 2
shows the statistical parameters for the PSO-SVR model.
The AIC value of this model (—264.5433) indicates that the
model could fit the experimental data very well. Figure 4
illustrates the correlation between the predicted pICs, and
the observed values for the training and test sets.

External validation

The calculation of the external validation criteria on the
test set of each model shows the performance for SVR
and PSO-SVR followed by MLR (R?: 0.9310, 0.8932,
and 0.2851respectively) and low RMSEP values (0.1870,
0.2203, and 0.6465 respectively. The external validation
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Fig.4 PSO-SVR Regression plot

criteria evaluated the models’ accuracy and ability to
predict unseen data, and the results are demonstrated in
Table 4. The results show that the MLR model could not
perform well on the test data. This is shown by the low
CCC value, the high root mean square error RMSE and
the mean absolute error MAE. The PSO-SVR model out-
performed the SVR model regarding generalization and
prediction ability regarding correlation metrics and error
metrics, indicated by higher CCC and Q7 values and
lower RMSE and MAE values. Generally, the SVR and
PSO-SVR models showed good statistical significance and
robustness.

Table 4 Validation criteria

Applicability domain
Multiple linear regression

The domain of applicability of the MLR model was ana-
lyzed by the William plot (FigS-2). It shows a total distribu-
tion of the predicted points in the range of the.applicability
domain [— 3, 3], with one influential point exceeding the
critical leverage point of 0.35. All the predicted values did
not align close, but all fell inside the domain, indicating that
the model found no response outliers

Support vector regression

The applicability domain was analyzed using the William
Plot, as shown in Fig. 5. a. This shows that about 98.59%
of the values are within the applicability domain's critical
leverage point range. Also, it was noticed that the whole test
set and 96.5% of the training set are included in the domain.
Only two points (molecules 1 and 14) are outside the domain
with relatively high standardized residual values.

SVR-particle swarm optimization

William’s plot for the PSO-SVR model (Fig. 5 b) shows that
one molecule (molecule 55) did exceed the critical leverage
value of 0.35, and two other training molecules (molecules
1 and 17) lie outside the standard residual’s boundaries [— 3,
3]. However, most points aligned with the 0 standard residu-
als, and only a few were distributed in the space domain.

Metric Name Formula
R? Coefficient of determination 1 — ZWm—Yeur
D Vops=Y opy)?
Q? Leave one out 2 opsrain = Yeateqrain)*
2 vsurainy =Y raining )
2 Average 1,2 2
re+ 4
m m o ”’,where:r2=r2><<1— (r2—r2)>;r2:r2><<l— (r2—r'2)>
m 0 m 0
2 2
Ar,, Deltar,, ‘ 2 - r'z‘
m m
RMSE Root mean square error [ XV =Y et 2
n
Qi 1 = oo Veatees)*
Z( Yub.\(/e,\r) - Yrm )Z
AIC Akaike’s information criterion

AIC = nin( ) + 20, +
n

2 +1
SS. M, where:SSE = Z(ng; — Yo

n—(np+1)

n:numberofobservations, n,:numberofparametersinthemodel

P
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Fig.5 Applicability domain of a SVR model and b PSO-SVR model

Models’ comparison

The analysis of the applicability domains indicates that
despite the existence of a few outliers in the SVR and PSO-
SVR models, they remain reliable as the standard residual
values of the influential molecules are low, and the majority
of the points align with the zero standard residual rather
than covering the whole domain. A closer look at the SVR
and PSO-SVR models shows that the predicted values by
the PSO-SVR align better with zero standard residual value
than those predicted by the SVR, and both models had an X
outlier. These observations suggest that molecules 55 and 34
for PSO-SVR and SVR models are descriptors’ outliers and,
thus, an influential point. Although the presence of outliers
is a normal phenomenon, it may be due to the model errors
and/or errors associated with experiments. In conclusion, the
analysis of the applicability domain confirmed the robust-
ness and the predictivity of the PSO-SVR model.
According to the statistical criteria above, the PSO-SVR
model showed the best performance, followed closely by
the SVR model with good predictivity. In contrast, the MLR
model had relatively weak metrics, resulting in the lowest
performance and predictability. While the MLR method
aims to build a predictive model, it is also, more impor-
tantly, to verify the linearity of the studied phenomenon. It
confirms that the studied phenomenon is nonlinear and that
the MLR method cannot be applied to this database. Hence-
forth, using nonlinear methods is a justified need, which
explains the better results obtained by the PSO-SVR and
SVR algorithms. Using a metaheuristic algorithm to tune the
SVR parameters rather than the trial-and-error method is one
reason the PSO-SVR method performed better. Moreover, it
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avoids the overfitting of the model as it allows the model to
reach a degree of complexity suitable to that of the studied
phenomenon.

Moreover, the SVR model showed a close perfor-
mance on the training set with the PSO-SVR model with
R%gyr =0.96, R%pg0 syg =0.97, RMSEgyg=0.12, and
RMSEpgq_gyr =0.13. This renders it complex to conclude
the outperformance of PSO-SVR. However, a closer look
at the external validation criteria shows the significant
outperformance of PSO-SVR with R>=0.93, Q*=0.97,
and RMSE =0.18 in contrast to R*=0.89, Q*=0.91 and
RMSE =0.22 of the SVR model, indicating the superior-
ity of PSO-SVR in generalization and predictive ability of
unknown datasets, endorsing the importance of parameters
tuning by metaheuristic algorithms. These findings are
confirmed by the analysis of the AIC, where the PSO-SVR
model had the lowest value, followed by SVR and MLR,
indicating that the PSO-SVR performed the best. Further-
more, since the difference in the AIC values between the
PSO-SVR and SVR models is greater than 2, the PSO-SVR
model can safely be considered significantly better than the
SVR model, indicating that having a metaheuristic algorithm
improved the prediction results.

Comparison with literature

Many papers were published to provide a predictive model
for the 3CLP™ inhibitors, using classical algorithms, with
acceptable performance. The detailed comparison is demon-
strated in Table 5. However, the hybrid PSO-SVR algorithm
improved the models’ precision and accuracy and outper-
formed all the listed models. This confirms the significance
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Table 5 Comparison between literature and the present paper

References Target Model output Best model Database size Metrics

(Yu 2021) 3CLpro Ki SVM-GA 89 R?=0.814 RMSE=0.459
(Janairo et al. 2021) 3CLpro BFE MLR 226 R2=0.804 RMSE=0.52
(Ishola et al. 2021) 3CLpro pICs, MLR 73 R?=0.907 Q*=0.866

(De et al. 2020) 3CLpro pICy, PLS-MLR 104 R2=0.756 Q*=0.708
(Hammoudan et al. 2021) 3CLpro pICy, MLR 41 R?=0.691 RMSE=0.328
(Mozafari et al. 2021) 3CLpro pICy, ANN 90 R?=0.86 RMSE=0.33
(Toropov et al. 2022) 3CLpro ICy, Monte Carlo 40 R2=0.916 Q*>=0.681
(Jawarkar et al. 2022) 3CLpro ECs, GA-MLR 37 R?=0.84 RMSE=0.2165
(Elekofehinti et al. 2021) 3CLpro pICy, KPLS 33 R?=0.8180 RMSE =0.5685
(Adhikari et al. 2022) 3CLpro pICs, HQSAR 69 R?=0.867 Q*=0.67

(Chedadi et al. 2021) 3CLpro pIC50 CoMFA 3DQSAR 23 R?,,=0.725 Q*=0.64
(Edache et al. 2022) 3CLpro pMICs, GA-MLR 25 R?.=0.7536 RMSE=0.1411
This study 3CLpro pICs, PSO-SVR 71 R%=0.9650 R?_,=0.9310

Q?=0.9649 RMSE=0.1389

Ki Inhibitory Constant, BFE Binding Free Energy, pMIC50 The negative logarithm of the minimum half-maximum inhibitory concentration,
SVM-GA SVM-Genetic Algorithm, PLS-MLR Partial Least Square-MLR, ANN Artificial Neuron Network, KPLS kernel-based partial least
square, HOSAR Hologram QSAR, CoMFA 3D-QSAR Comparative Molecular Field Analysis 3-Dimensional QSAR

of the proposed model in predicting the inhibiting activity
against the 3CLpro.This outperformance can be algorithmi-
cally explained as follows: .

¢ Nonlinearity aspect: Unlike MLR, PLS and their hybridi-
zation (GA-MLR and PLS-MLR), which apply only to
linear problems, SVR can handle complex nonlinear
issues with excellent efficiency. Notably, the predic-
tion of the inhibitory activity of molecules is a complex
phenomenon, most often nonlinear, and thus requires a
strong nonlinearity potential and the ability to adapt to
its level of complexity, which linear algorithms fail to
have. This is why SVR outperformed linear models such
as MLR and PLS.

e Generalization and overfitting: SVR and ANN have their
strengths and weaknesses; SVR can be considered better
than ANN when applied to small datasets. ANN tends
to overfit when trained on a small dataset since it has
many parameters. When the number of parameters is
large enough compared to the number of observations,
ANN tends to learn the noise instead of the underlying
patterns, which affects its performance on the test/exter-
nal datasets. On the contrary, SVR has fewer parameters
to tune and regularization parameters, ensuring avoiding
overfitting problems and a good performance on unseen
datasets (Byvatov et al. 2003). In Computer-Aided Drug
Design (CADD) and QSAR modelling for identifying e
SARS-CoV-2 inhibitors (or a novel pandemic or disease),
little is known about potential molecules, and deriva-
tives and analogues are designed in a limited number.
Therefore, datasets of molecules against novel diseases
like COVID-19 tend to be small and risk being overfitted

if modelled by ANN. This explains why the proposed
model outperformed the ANN-reported model.
Flexibility and ability to handle outliers: Hologram
QSAR (HQSAR), Comparative Molecular Field Anal-
ysis (CoMFA) 3D QSAR and Monte Carlo techniques
are based on different principles (images of electronic
structures and steric properties of molecules for HQSAR
(Adhikari et al. 2022), deriving quantitative relationships
between the activity and the structure by comparing the
electrostatic and steric interactions of molecules and a
reference drug for CoMFA (Chedadi et al. 2021), and
evolving randomly to generate several models and select-
ing the best one for Monte Carlo (Toropov et al. 2022)).
However, they are similar in how they differ from SVR:
they use images and interactions as input instead of
comparison or simulation instead of numerical values
of molecular descriptors and rely on comparing molecu-
lar similarity or fitting a mathematical function to data
instead of supervised machine learning. SVR uses less
complex inputs and can adapt to different levels of com-
plexity thanks to the kernel functions and perform bet-
ter on nonlinear phenomena. Also, thanks to the support
vectors and the boundaries in SVR, it handles outliers
more effectively than the methods above, which can be
very sensitive to outliers. This is useful, especially when
handling heterogeneous datasets.

PSO robustness: Particle Swarm Optimization (PSO) is
used to tune the parameters of machine learning algo-
rithms. It is advantageous over other metaheuristic algo-
rithms such as Genetic Algorithm GA since it is less sen-
sitive to the initialization parameters, unlike GA, which
is highly influenced by them and, therefore, less robust
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than PSO. PSO allows a large search space leading to a
fine-tuning of parameters and, thus, a better convergence,
in addition to a short computational time. Algorithmi-
cally, this is the reason why the proposed PSO-SRV
model outperformed the reported GA-SVR model (Sid-
dique et al. 2018).

While this outperformance has algorithmic reasons, it is
worth clarifying that comparing different algorithms is very
complex and requires a thorough, comprehensive analysis of
various factors, mainly database similarity, size and qual-
ity. The comparison was elaborated for indicative purposes
and was based on the similarity of the target 3CLpro solely
to position the proposed SVR-PSO in the range of errors.
Therefore, it does not imply the absolute superiority of
SVR-PSO over other algorithms but rather in this proposed
context.

Conclusion

In this work, three models were built to predict the inhibitory
activity of potentially therapeutic molecules to contribute
to the acceleration of drug discovery by the mean of com-
putational chemistry. The results indicate that the relation
between the ICy, and the selected descriptors is nonlinear
and thus needs a nonlinear approach to model it. Among the
three algorithms, the PSO-SVR model performed best with
the lowest errors and highest regression coefficients. The
PSO-SVR model obtained was demonstrated to be a robust,
statistically and biologically meaningful model capable of
predicting the activity of unknown potential inhibitors. This
paper’s results also revealed the key descriptors to maxi-
mize the activity of the selected molecules, among which
the structural complementarity characteristics in terms of
the moment of inertia, rotatable bonds, and weighted paths
were found proportional to the activity.

On the other hand, a very complex hypervolume of reac-
tivity may hinder the binding of the molecule and the active
site. Further docking and virtual screening studies are being
investigated based on the findings of this article. The results
obtained in this article have promising aspects in designing
a potential drug against COVID-19.
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