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Abstract

Computational prediction of HIV-1 protease inhibitor via quantitative structure—activity relationships (QSARs) is a popular study in
the field of computational chemistry. The aim of the present study was building up of QSAR models for anti-HIV activity by means of
the CORAL software (http:/www.insilico.eu/coral). Applying of correlation weights for five and six-member molecular rings as
components of the target function in the Monte Carlo optimization that is aimed to build up correlation between activity of HIV-1
protease inhibitors expressed as pIC50 =1g[1/(IC50 x 109)] and optimal descriptor improves the predictive potential. Simplified
molecular input-line entry system (SMILES) is used as the representation of the molecular structure of HIV-1 protease inhibitors
for the QSAR analysis. New criterion of predictive potential so-called index of ideality of correlation (ZIC) has been appllied to
improve the model for HIV-1 protease inhibitors activity. High correlation coefficients were observed between the experimental and
predicted anti-HIV activity. Applying of special ring code as component of the Monte Carlo calculation significantly improves the
statistical quality of the model. Furthermore, applying of the //C as component of the Monte Carlo optimization improves the
predictive potential of the CORAL models. The presence of the rings and the quality of these are very important molecular features
which are able to improve statistical quality of model for anti-HIV activity. In addition, the ability of Z/C to improve predictive potential
of a model has been confirmed.
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Introduction

Nowadays, acquired immunodeficiency syndrome (AIDS) is
regarded as one of the most devastating diseases [1-6]. Human
immunodeficiency virus (HIV) is the causative agent for AIDS,
and millions of people are suffering from AIDS all over the
world. The AIDS-related mortality is increasing, but AIDS has
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gradually become a controllable, chronic disease [7]. In this re-
gard, HIV protease inhibitor is one of the most important com-
ponents in the combination therapy. Therefore, the HIV protease
is a prime target for drug design of anti-HIV treatment.
Generally, drug design methodologies involve quantitative
structure—activity relationships (QSARs) in order to understand
the relationship between chemical structures and their biological
activities as well as to predict the activities of any unknown
compounds. In the case of drug discovery aimed to detect effec-
tive anti-HIV1 agents, QSARs models allow identifying the
most promising molecules for further synthesis and clinical test-
ing as shown in recent studies [1, 8]. Important components of
the QSAR analysis are (i) definition of the domain of applicabil-
ity, and (ii) mechanistic interpretation of QSAR models [9].
There are groups of conceptually different approach to build
up QSAR related to anti-HIV activity: (i) multiple linear regres-
sion [8, 10]; (ii) nonlinear iterative partial least squares method
[11]; (it) artificial neural networks [8, 12—14]; (iv) 3D-QSAR
[15]; (v) the support vector machine [8, 10, 16-18]; and (vi)
Monte Carlo technique [19-22]. The above researches have
quite different logistic, e.g., interpretation of anti-HIV activity
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Fig. 1 Generalized representation
of codes for various molecular
five- and six-member rings
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via numerical data on physicochemical data (molar volume, di-
pole moment) [8]; support vector machine and artificial neuron
networks based on the molecular docking [10]; chemo-
geometric analysis for extraction of the most reliable chemical
elements in corresponding 3D positions [11]; search for effective
pyridinone derivatives [12]; group center overlapping [15], drug-
drug interaction and multiple QSAR [16]. In other words, each
approach based on defined hypothesis: 3D geometry; and
representability (sufficiency) of physicochemical and/or bio-
chemical data (thermodynamics, drug-drug interactions, etc.).

Here the Monte Carlo technique [23-25] applied with two
new component of building up models for anti-HIV-1 activity.
These are (i) special coefficients (correlation weights) which
are used to the assessment of influence of molecular rings to
anti-HIV-1 activity; factually, it is a way to improve the trans-
parency of mechanistic interpretation of corresponding
models [23-27]; and (ii) the target function of the Monte
Carlo optimization involves a new component, so-called in-
dex of ideality of correlation (//C) [28-31].

Thus, the aim of the present study is to check up two hy-
pothesizes which are the following:

—  Molecular five- and six-member rings have influence to
anti-HIV-1 activity;

—  The IIC improves the predictive potential of models for
anti-HIV-1 activity.

Method
Data

Numerical data on the activity of HIV-1 protease inhibitors
expressed as pIC50 = 1g[1/(ICs, x 10”)] were taken from the lit-
erature [1]. The total number of compounds examined here is
450. It should be noted that the CORAL software [5, 6, 23] gives
possibility to build up a model with structured training set that
involves three subsets which are the following: the active train-
ing, invisible passive training, and calibration sets. The fourth set
is the external validation set. Each subset has a special task. The
task for the training set is to calculate correlation weights which
give as large as possible correlation between experimental and
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predicted endpoint for the training set. The task for the invisible
training set is inspection: whether these data give reasonable
correlation coefficient for the similar compounds. The task of
the calibration set is to detect the overtraining. The task for the
validation set is the final estimation of the predictive potential of
the model. Thus, the above-mentioned compounds (n =450)
were randomly distributed into the training (=25%), invisible
training (=25%), calibration (=25%), and validation (=25%)
sets. Table S1 in Supplementary materials confirms that these
three splits are far from be identical ones.

Optimal descriptor

Two kinds of optimal descriptors used here to build up QSAR
models for anti-HIV-1 activity

NA-1

. « NA
DCW(T",N") = /El CW(Sk) + k; CW(SSy)

NA-2
+ 2 CW(SSSy) (1)

DCW(T",N") = CW(C5) + CW(C6) + % CW(Sy)
k=1

NA- NA-2
+ kgl CW(SSk) + kgl CW(SSSk) 2)

The C5 and C6 are SMILES attributes related to different
kinds of five and six-member molecular rings. The Sy is the
“SMILES-atom”, i.e., one symbol (e.g., “C,” “N,” “O,” etc.)
or two symbols which cannot be examined separately (e.g.,
“CL” “Br,” “Si,” etc.); the SS; is a combination of two
SMILES atoms; the SSS;, is a combination of three SMILES
atoms; the CW(C5), CW(C6), CW(S;), CW(SS;), and CW
(SSS;) are so-called correlation weights of the above-
mentioned attributes of SMILES.

Figure 1 demonstrated generalized conception of the codes
for five- and six-member rings.

The numerical data on the CW(S,), CW(SS;), and CW
(SSS;) are calculated with the Monte Carlo method, i.e., the
optimization procedure which gives maximal value of a target
function (7F). The NA is the number of attributes in SMILES.
Having the numerical data on the corresponding correlation
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Table 1  The statistical characteristics of the models for anti-HIV-1 activity for training (TRN), invisible training (iTRN), calibration (CLB), and
validation (VLD) sets

Eq. Split Run Set” n R? s MAE

1 1 1 TRN 111 0.7661 0.810 0.646

iTRN 114 0.7949 0.920 0.744

CLB 114 0.7264 0.728 0.558

VLD™ 111 0.8154 0.687 0.547

2 TRN 111 0.7439 0.847 0.673

iTRN 114 0.7822 0.958 0.783

CLB 114 0.7273 0.724 0.580

VLD 111 0.8281 0.674 0.527

3 TRN 111 0.7705 0.802 0.633

iTRN 114 0.8120 0.888 0.702

CLB 114 0.7303 0.733 0.580

VLD 111 0.8319 0.669 0.530

1 2 1 TRN 112 0.7697 0.863 0.693

iTRN 112 0.7693 0.853 0.725

CLB 113 0.7874 0.760 0.635

VLD 113 0.7987 0.710 0.572

2 TRN 112 0.7937 0.817 0.645

iTRN 112 0.8032 0.779 0.637

CLB 113 0.7543 0.818 0.631

VLD 113 0.7855 0.714 0.561

3 TRN 112 0.7915 0.821 0.626

iTRN 112 0.7948 0.804 0.626

CLB 113 0.7696 0.801 0.628

VLD 113 0.7876 0.706 0.545

1 3 1 TRN 114 0.7179 0.957 0.763

iTRN 110 0.7107 0.978 0.781

CLB 113 0.7756 0.702 0.522

VLD 113 0.8031 0.722 0.567

2 TRN 114 0.8083 0.789 0.614

iTRN 110 0.7755 0.856 0.649

CLB 113 0.7364 0.789 0.636

VLD 113 0.7263 0.855 0.659

3 TRN 114 0.7732 0.858 0.683

iTRN 110 0.7608 0.886 0.706

CLB 113 0.7657 0.729 0.597

- VLD 113 0.8204 0.703 0.569
Ry, = 0.800 £ 0.0303;5y7p = 0.716 + 0.0521; MAEy;p = 0.564 £ 0.0370

2 1 1 TRN 111 0.6080 1.050 0.919

iTRN 114 0.6900 1.130 0.984

CLB 114 0.8434 0.528 0.451

VLD 111 0.9016 0.511 0.405

2 TRN 111 0.6528 0.986 0.817

iTRN 114 0.7308 1.050 0.876

CLB 114 0.7904 0.610 0.470

VLD 111 0.9008 0.502 0.381

3 TRN 111 0.6731 0.957 0.794

iTRN 114 0.7791 0.971 0.782

CLB 114 0.8268 0.572 0.456

VLD 111 0.8853 0.574 0.426

2 2 1 TRN 112 0.6321 1.090 0.882

iTRN 112 0.7079 0.971 0.828

CLB 113 0.8048 0.710 0.532

VLD 113 0.8242 0.639 0.476

2 TRN 112 0.6719 1.030 0.839

iTRN 112 0.6847 0.987 0.808

CLB 113 0.8604 0.660 0.502

VLD 113 0.8420 0.612 0.486

3 TRN 112 0.6337 1.090 0.894
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Table 1 (continued)

Eq. Split Run Set” n R? S MAE

iTRN 112 0.6725 1.020 0.869

CLB 113 0.8540 0.631 0.502

VLD 113 0.8423 0.605 0.452

2 3 1 TRN 114 0.6679 1.040 0.869

iTRN 110 0.6625 1.060 0913

CLB 113 0.7986 0.659 0.514

VLD 113 0.8637 0.583 0.463

2 TRN 114 0.6399 1.080 0913

iTRN 110 0.6062 1.140 0.957

CLB 113 0.8415 0.605 0.465

VLD 113 0.8900 0.531 0.406

3 TRN 114 0.7471 0.906 0.725

iTRN 110 0.6750 1.030 0.851

CLB 113 0.7788 0.737 0.593

L VLD 113 0.8617 0.608 0.470
R%,,, = 0.868 4 0.0265;5v.p = 0.574 + 0.0458; MAE,.p = 0.441 + 0.0350

4 1 1 TRN 111 0.6468 0.995 0.868

iTRN 114 0.6613 1.130 0.994

CLB 114 0.9169 0.398 0.309

VLD 111 0.9344™ 0.396 0318

2 TRN 111 0.6302 1.020 0.896

iTRN 114 0.6921 1.090 0.959

CLB 114 0.8897 0.462 0.369

VLD 111 0.9195 0.454 0.356

3 TRN 111 0.6226 1.030 0.908

iTRN 114 0.6619 1.140 1.030

CLB 114 0.9143 0.394 0313

VLD 111 0.9322 0.425 0.341

4 2 1 TRN 112 0.6355 1.090 0.935

iTRN 112 0.6623 1.020 0.866

CLB 113 0.9174 0.463 0.365

VLD 113 0.9211 0.429 0.331

2s TRN 112 0.6072 1.130 0.974

iTRN 112 0.6318 1.080 0.958

CLB 113 0.9234 0.451 0.368

VLD 113 0.9325 0.403 0.325

3 TRN 112 0.5247 1.240 1.080

iTRN 112 0.5658 1.180 1.060

CLB 113 0.9027 0.503 0.400

VLD 113 09113 0.458 0.368

4 3 1 TRN 114 0.5351 1.230 1.070

iTRN 110 0.5538 1.210 1.040

CLB 113 0.9044 0.428 0.330

VLD 113 0.9325 0.389 0.301

2 TRN 114 0.5831 1.160 0.993

iTRN 110 0.5820 1.180 1.000

CLB 113 0.8617 0.515 0.406

VLD 113 0.9178 0.450 0.333

3 TRN 114 0.5384 1.220 1.080

iTRN 110 0.5514 1.220 1.060

CLB 113 0.8596 0.527 0.411

VLD 113 0.9038 0.476 0.380

RY, ) = 0.923 £ 0.0102;5y;p = 0.431 + 0.0288; MAEy,p = 0.339 +0.0236

) TRN training set; i7RN invisible training set; CLB calibration set; VLD validation set

) Most attractive models are indicated in bold
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Fig. 2 Graphical representations [
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weights, one can build up the predictive model using com-
pounds from the training set:

pICso = Co + C1*DCW (T, N") (3)

The predictive potential of the model calculated with Eq. 3
should be checked up with external validation set.

Recently, so-called index of ideality of correlation (//C)
[28-31] has been tested as a tool to improve the predictive
potential of a model. Factually, the improvement is the Monte
Carlo optimization of correlation weights for the molecular

features above extracted from SMILES for Eq. 2 with the
application of the /IC as additional component of the target
function:

DCW(T*,N",1IC) = CW(C5) + CW(C6)
NA NA-1

+ Y CW(Sk)+ Y CW(SSk)
k=1 k=1

NA-2
+ 2 CW(SSSy) (4)
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Results and discussion

The statistical quality of examined models estimated via the
statistical characteristics for the validation set.

The optimal descriptor calculated with Eq. 1 (solely
SMILES) gives the following models for three random splits:

pIC50(split 1) = 24214 (£0.0278)

4+ 0.1993(£0.0009)*DCW(1,2)  (5)
PpIC50(split 2) = 2.2202(+0.0307)

4+ 0.2102(£0.0009)*DCW(1,2)  (6)
pIC50(split 3) = 2.1413(40.0305)

+0.1581(=£0.0007)*DCW(1,2) (7)

The optimal descriptor calculated with Eq. 2 (SMILES
together with rings C5 and C6) gives the following best
models for three random splits:

PpIC50(split 1) = 2.1077(+0.0521)

+0.0923(£0.0007) *DCW (1, 3) (8)
PpIC50(split 2) = 1.3947(+0.0446)

+0.1914(£0.0012)*DCW (1, 3) (9)
PpIC50(split 3) = 1.7914(+0.0436)

+0.1288(40.0008)*DCW(1,3)  (10)

The optimal descriptor calculated with Eq. 4 (SMILES
together with C5 and C6, plus the target function of the
Monte Carlo optimization contains the //C) gives the follow-
ing best models for three random splits:

PpIC50(split 1) = 0.6941(+0.0543)

+0.1437(+0.0010)*DCW(1,10)  (11)
PpIC50(split 2) = 1.5934(+0.0459)

+0.1617(£0.0011)*DCW(1,10)  (12)
PpIC50(split 3) = 1.2136(+0.0544)

+0.1069(40.0008) *DCW(1,10)  (13)

Table 1 contains the statistical characteristics of these
models. Table 1 indicates that the dispersion of these models
in several runs of the corresponding Monte Carlo optimization
actually remains similar for the cases of descriptor calculated
with Eqgs.1, 2, and 4. However, according to average of the
determination coefficient for validation set, Eq. 2 gives better
model: R}, =0.800(Eq.1) vs. R:,, = 0.868 (Eq.2).
Consequently, taking into account of the presence of molecu-
lar rings [24-27] improves the predictive potential of the
CORAL models. These models calculated that taking into
account the I/C gives addition improvement of these
models R}, , = 0.923 (Eq.4).

Figure 2 contains graphical representations of models
based on optimal descriptors calculated with Egs. 1, 2, and 4

Table 2 Molecular fragments related to different rings, which are promoters for increase anti-HIV-1 activity

SMILES attribute” Run 1 Run 2 Run 3 NI N2 N3 Defect
Split 1
C5...A..1.. 0.26267 0.72379 0.46564 42 45 32 0.0013
C6...AH.4.. 0.16106 0.40993 0.06486 30 26 44 0.0016
C5...AH.2.. 0.24249 0.26925 0.18428 15 13 25 0.0021
C6...AH.3.. 0.16196 0.49875 0.81998 9 14 19 0.0031
Split 2
C5...A..1.. 0.62778 134055 047117 44 43 37 0.0008
C6...A..3.. 0.33554 0.60756 0.68471 36 39 22 0.0022
C6...AH.4.. 027742 041411 0.18363 26 30 38 0.0016
C5...AH.2.. 0.15125 0.36622 0.39355 14 13 20 0.0015
Split 3
C6...A..3.. 0.38266 0.04536 0.48122 37 37 23 0.0020
C6...AH.4.. 0.51998 0.26144 0.67700 29 28 34 0.0007
C5....H.1.. 0.34284 0.51002 0.43070 17 19 25 0.0017
C6...AH.5.. 0.34670 0.12587 0.39795 16 12 15 0.0002

€5 and C6 are indicators of five-member and six-member rings, respectively; A is indicator of presence of aromaticity; H is indicator of presence of
heteroatoms in a ring; the digit (1-4) indicates the number of rings in a molecule; N1, N2, and N3 are frequencies of SMILES attribute in the training,
invisible training, and calibration sets, respectively; the defect is the statistical defect of SMILES attribute [24-26]
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for external validation sets (i.e., for substances invisible dur-
ing building up a model).

Table 2 contains example of promoters for increase of
the pIC50 values. Indeed, the presence of five and six-
member molecular rings as well as aromaticity and hetero-
atoms are factors with significant influence upon the anti-
HIV-1 activity [1].

The statistical characteristics of the best CORAL model
for the validation set suggested in the literature [1] are the
following: n=104, R*=0.762, MAE=0.731. The com-
parison with the average statistics for the validation set
(Table 1) indicates that the model herein developed
(where kinds of molecular rings and the //C taken into
account) seems more suitable than the model suggested
in the literature [1].

It is to be noted that predictive models should be checked
up with several splits (into the training set and the validation
set), because as it is shown above, the dispersions of statistical
characteristics exist. Consequently, examination of solely one
split gives far of completed information about an approach.

Supplementary materials contain technical details of the
CORAL model.

Conclusions

The CORAL software (http://www.insilico.eu/coral) gives
good predictive models for HIV protease inhibitor activity
(pIC50). In other words, the Monte Carlo technique that
applied to build up QSAR models gives satisfactory
models for the anti-HIV-1 activity. Results showed that
taking into account of the correlation weights for different
kinds of molecular rings improved the predictive potential
of these models. Applying of the index of ideality of cor-
relation gives further improvement of the described
models. There are dispersions of the statistical character-
istics of the examined models in several runs of the Monte
Carlo optimization as well as for different splits into the
training and validation sets. However, in spite of the
above-mentioned dispersions, the approach gives repro-
ducible models.
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