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A series of 107 1-[(2-hydroxyethoxy)-methyl]-6-(phenylthio) thymine (HEPT) with anti-HIV-1 activity as
a non-nucleoside reverse transcriptase inhibitor (NNRTI) has been studied. Monte Carlo method has been
used as a tool to build up the quantitative structureeactivity relationships (QSAR) for anti-HIV-1 activity.
The QSAR models were calculated with the representation of the molecular structure by simplified
molecular input-line entry system and by the molecular graph. Three various splits into training and test
set were examined. Statistical quality of all build models is very good. Best calculated model had
following statistical parameters: for training set r2 ¼ 0.8818, q2 ¼ 0.8774 and r2 ¼ 0.9360, q2 ¼ 0.9243 for
test set. Structural indicators (alerts) for increase and decrease of the IC50 are defined. Using defined
structural alerts computer aided design of new potential anti-HIV-1 HEPT derivates is presented.

� 2014 Elsevier Masson SAS. All rights reserved.
1. Introduction

Acquired immunodeficiency syndrome (AIDS) is a fatal disorder
resulting from a chronic persistent infection by the human retro-
virus, human immunodeficiency virus (HIV) [1]. Up to now suc-
cessful chemotherapy has not been developed. A key enzyme
which is responsible for the process of HIV-1 replication is reverse
transcriptase (RT). RT of HIV-1 is required for early provial DNA
synthesis making it a prime target for antiviral therapy against
AIDS. Inhibition of the RT-catalyzed polymerization of DNA from
viral RNA inhibits virus replication [2e4]. Mechanism of inhibition
is proposed to be by locking the polymerase active site in an
inactive conformation, reminiscent of the conformation observed
in the inactive p51 subunit [5]. Several classes of compounds have
been synthesized and tested as highly specific inhibitors of HIV-1
for AIDS therapy [6e9].

One of the most potent, selective and widespread inhibitors
displaying high activity against HIV-1 reverse transcriptase (HIV-
1RT) is 1-[(2-hydroxyethoxy)-methyl]-6-(phenylthio) thymine
(HEPT), first synthesized by Tanaka et al. as a non-nucleoside
. Veselinovi�c).

served.
reverse transcriptase inhibitor (NNRTI) [6e9]. The experimental
studies of crystal structures of two ligandeenzyme complexes
revealed an active HEPT conformation that binds the p66 enzyme
unit [10]. Studies have shown the importance of so called switching
effect, which forces an enzyme Tyr181 to adopt a conformation that
enhances the drugereceptor interactions [11]. Also, it was observed
that NNRTI inhibitors bind in a common way filling the allosteric
pocket in a so-called butterflymode [12]. One of the butterfly wings
binds with p electron-rich moiety with a hydrophobic pocket that
includes mainly the side chains of the enzymes Tyr181, Tyr188,
Phe227, Trp229, and Tyr318, while the other wing having the
hydrogen donor/acceptor interacts with Lys101 and Lys108. A hy-
drophobic moiety of the butterfly body interacts with an enzyme
receptor site formed by the side chains of Lys103, Val106, and Val
179 [13]. HEPT derivatives have potent anti-HIV-1 activity at
nanomolar concentration [6]. Further advantages of NNRTIs are
lower metabolism and clearance rates [6e9]. Moreover, these
compounds are less toxic and more stable than nucleoside RT in-
hibitors [14].

The importance of quantitative structureeactivity relationship
(QSAR) methods in modern drug design is well established since
QSAR can make the early prediction of activity-related character-
istics of drug candidates and can eliminate molecules with unde-
sired properties [15]. A number of QSAR studies have been reported
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for HEPT compounds [16e28]. Thousands of molecular descriptors
used in QSAR studies have been defined to encode chemical and
structural features of molecules [29,30].

QSAR analysis widely uses descriptors calculated on the basis of
molecular graphs [31,32]. The simplified molecular input line entry
system (SMILES) is an alternative to molecular graph and it can be
used for elucidation of molecular structures [33]. Recent published
papers have reported the applicability of solo SMILES based de-
scriptors in QSAR analysis [34e38] as well as SMILES based de-
scriptors in combination with topological descriptors [39e41]. All
QSAR models are based on Monte Carlo optimization method
where appropriate activity is treated as random event [34e41].

The aim of this study is to build QSAR models based on SMILES
and graph optimal descriptors using Monte Carlo method for HEPT
derivatives as NNRTIs inhibitors and an attempt to define the mo-
lecular structure responsible for stated inhibitory effect. Further, we
used build models for computer aided drug design of new poten-
tially promising anti-HIV-1 compounds.
2. Method

2.1. The data set

A series of 107HEPT derivatives from literature [16] were used to
generate canonical SMILES. SMILES used in the present study were
generated with the ACD/ChemSketch program (ACD/ChemSketch v.
11.0). General structure of HEPT molecules is presented in Fig. 1.
Anti-HIV-1 activitywas expressedwith RT inhibition data (IC50, mM)
and was taken from the literature where IC50 (log 1/C) was defined
as dependant variable in which C represents the molar concentra-
tion of compound needed to achieve 50% protection of MT-4 cells
against the cytopathic effect of HIV-1 (HTLV-IIIB strain) [16].

The QSAR models were built up for three random splits (20% of
compounds were used in test set). All three splits were selected
according to the following principles: a) the range of the endpoint
is approximately the same for each sub-set b) the splits are not
identical (Table S1). The level of identity of these splits has been
checked according to published method [39]. Between split 1 and 2
level of identity was 22.73%, between 1 and 3 13.64 and between 2
and 3 4.55%. Results indicate that splits are different since the level
of identity between them is low.
2.2. Optimal descriptors

The molecular structure can be represented both with SMILES
and molecular graph. In some cases “hybrid” representation of the
molecular structure, i.e., by SMILES together with molecular graph,
can give a model characterized by higher statistical quality than
model which is based on the representation of the molecular
structure by solely SMILES or solely molecular graph. The hybrid
optimal descriptors used to build up model for the IC50 were
calculated according to Eq. (1):

HybridDCW
�
T ;Nepoch

�
¼ GraphDCW

�
T ;Nepoch

�

þ SMILESDCW
�
T ;Nepoch

�
(1)
Fig. 1. General molecular structure of used molecules.
T and Nepoch are parameters used in Monte Carlo optimization
method. T is threshold used for definition of rare molecular fea-
tures. If a molecular feature, x, that is calculated from SMILES or
molecular graph in the training set takes place less than T times,
then the x should be removed from the building up of the model,
therefore the correlationweight of the x, CW(x)¼ 0. That molecular
feature is defined as rare. Epoch is the number of the epochs of the
Monte Carlo optimization.

For SMILES based descriptors DCW is calculated according to Eq.
(2).

SMILESDCW
�
T ;Nepoch

�
¼CWðATOMPAIRÞ þ CWðNOSPÞ

þ CWðBONDÞ þ CWðHALOÞ
þ a

X
CWðSkÞ þ b

X
CWðSSkÞ

þ g
X

SCWðSSSkÞ
(2)

Sk is SMILES attribute, mainly one symbol (“C”, “O”, “¼”, etc.) or in
some cases two symbols, which cannot be examined separately
(e.g., “Cl”, “Br”, etc.). For calculating all SMILES based descriptors
methodology from literature was used [30]. Building QSAR models
took into consideration all SMILES descriptors both indices and
fragments (ATOMPAIR, BOND, NOSP, HALO, Sk, SSk and SSSk).

Graph based optimal descriptors are calculated according to
published methodology [34] and according to Eq. (3).

GraphDCW
�
T ;Nepoch

�
¼

X
CWðAkÞ þ a

X
CWð0ECkÞ

þ b
X

CWð1ECkÞ (3)

where Ak is chemical element, such as, C, N, O, etc., for HSG and
HFG; or atomic orbitals, such as, 1s1, 2p3, 3d10, etc. for GAO; 0ECk,
1ECk,. is the hierarchy of the Morgan’s extended connectivity. In
presented study three types of the graph were studied: (1)
hydrogen-suppressed graph (HSG), (2) hydrogen-filled graph (HFG)
and (3) graph of atomic orbitals (GAO).

For building QSAR models CORAL software was used (http://
www.insilico.eu/coral). Search for the best model was performed
according to published methodology [36]. The search for most
predictive combination of T and Nepoch for all splits was performed
from values 0e10 for T and 0e60 for Nepoch.

Having numerical data on these CW (CW for SMILES and graph
descriptors in hybrid modeling) one can calculate DCW(T, Nepoch)
for compounds of training and test set. These data can be used for
calculation by Least Squares method model of view according to Eq
(4):

IC50 ¼ C0 þ C1 � DCW
�
T ; Nepoch

�
(4)

2.3. Validation of QSAR model

Developing a robust model capable of predicting the property of
newmolecules in objective, reliable and precisemanner is themain
goal of QSPR modeling [42]. Three strategies for QSAR models
validation are suggested in literature [43]. Stated methodology was
applied to presented research for assessment of robustness and
reliability of developed model. Three used methods were:

1. Internal validation or cross-validation using the training set
compounds.

2. External validation using the test set compounds.
3. Data randomization or Y-scrambling.

http://www.insilico.eu/coral
http://www.insilico.eu/coral
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Leave-one-out (LOO) cross validation technique was used to
developed models as an internal validation. LOO is based on prin-
ciple that one molecule is randomly omitted from data set in each
cycle and than the rest of molecules is used to model development.
The process is repeated until all the compounds are eliminated
once. Cross-validated Q2 determinates the predictive ability of the
model [44]. Higher value of Q2 means better model prediction. The
cross-validated Q2 is expressed as:

Q2 ¼ 1�
X�

Yobs � Ypred
�2

=
X�

Yobs � Y train
�2

(5)

In Eq. (5), Yobs is observed property of the training set com-
pounds, Ypred is LOO-predicted property of the training set com-
pounds and Ytrain is mean observed property of the training set
compounds. The predictive ability of model is considered as
acceptable when Q2 is greater than 0.5.

Same principles and statistical methodology can be applied for
external validation. The predictive ability of a model is determined
by calculating Q2

ext which is defined as:

Q2
ext ¼ 1�

X�
YobsðtestÞ � YpredðtestÞ

�2
=
X�

YobsðtestÞ � Y train

�2
(6)

In Eq. (6), Yobs(test) is the observed property of the test set
compounds, Ypred(test) is the predicted property of the test set
compounds and Y train is mean observed property of the training set
compounds. The value Q2

ext for an acceptable model should be
greater than 0.5.

Novel statistical metric (R2m) was used to validate a true pre-
dictive potential of developed QSPR models [45,46]. For calculating
R2m metric an open access web application “R2m calculator” is
available at http://203.200.173.43:8080/rmsquare/.

Y-randomization test was used for checking the robustness of
the model. For a suitable QSPR model, the average correlation co-
efficient (Rr) of randomized models should be less than the corre-
lation coefficient (R) of non-randomized model. A parameter CR2p
penalizes the model R2 for a small difference between squared
mean correlation coefficient (R2r) of randomized models and
squared correlation coefficient (R2) of the non-randomized model
[47]. The parameter CR2p is defined as:

CR2p ¼ R

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
R2 � R2r

�r
(7)

For an acceptable QSPR model, the value of CR2p should be
greater than 0.5.

2.4. Applicability domain

Applicability domain (AD) of a QSPR model is defined as the
biological, structural or physico-chemical space, knowledge or in-
formation on which the model of the training set is developed, and
for which it is applicable tomake predictions for new compounds. If
predicted compounds are within applicability then the predictions
of a QSPRmodel are more reliable. When a compound is very much
dissimilar to all compounds of the modeling set, reliable prediction
of its property is uncertain. For defining AD method from literature
was applied [39].

3. Results and discussion

From data set presented at Table S1 three random splits were
generated. Generated training and test set had 85 and 22molecules
respectively. The molecules in all sets were carefully selected so the
ranges of endpoint in training and test set are set to be approxi-
mately equivalent. The search for the best model included models
with SMILES descriptors and molecular graph based descriptors,
with different combination of connectivity indices. Model 1 had
only SMILES descriptors, model 2 had SMILES descriptors and HSG
descriptors with 0ECk connectivity, model 3 had SMILES descriptors
and HSG descriptors with 1ECk connectivity, model 4 had SMILES
descriptors and HFG descriptors with 0ECk connectivity, model 5
had SMILES descriptors and HFG descriptors with 1ECk connectivity,
model 6 had SMILES descriptors and GAO descriptors with 0ECk
connectivity and model 7 had SMILES descriptors and GAO de-
scriptors with 1ECk connectivity.

Appliedmethodology for defining applicability domain revealed
that all compounds have typical (‘average’) behavior and all were
included in developing QSAR models.

Table 1 shows the statistical quality of the built models. From
presented data it can be observed that there is the reproduction of
the statistical quality for calculated models in three runs of the
Monte Carlo optimization for all splits. Results suggest that pre-
dictionwith CORAL is robust since there is similar statistical quality
for all splits. The best calculated model was model 7 for split 3. The
search for preferable T and Nepoch revealed that preferable T is 3 and
preferable Nepoch 6. Fig. 2 present best models for all splits graph-
ically where Monte Carlo optimization runwith highest value for r2

for the best model is represented.
Statistical criteria of the predictability of the best models for all

splits are represented in Table 2 [44e46]. Results from Table 2 show
that the predictability for best models for all splits is very good. In
addition, all presented models for IC50 are satisfactory from the
point of view of new criteria suggested by Roy et al. [45]. Table S2
(supplementary material) shows Y-randomization [47] which also
confirms the robustness of suggested models.

The application of above mentioned T and the Nepoch gives the
following models for the IC50 calculated according to Eq. (4):

Split 1

IC50 ¼ �6:1361ð � 0:0522Þ þ 0:1202ð � 0:0005Þ � DCWð4;7Þ
(8)

(training set: r2 ¼ 0.8474, q2 ¼ 0.8410, s ¼ 0.565, MAE ¼ 0.444,
F ¼ 461, test set: r2 ¼ 0.8947, q2 ¼ 0.8739, s ¼ 0.783, MAE ¼ 0.641,
F ¼ 170).

Split 2

IC50 ¼ �2:7180ð�0:03781Þþ0:1451ð�0:0006Þ�DCWð10;11Þ
(9)

(training set: r2 ¼ 0.8430, q2 ¼ 0.8365, s ¼ 0.578, MAE ¼ 0.459,
F ¼ 446, test set: r2 ¼ 0.9299, q2 ¼ 0.9164, s ¼ 0.514, MAE ¼ 0.406,
F ¼ 265).

Split 3

IC50 ¼ �0:4962ð � 0:0213Þ þ 0:0594ð � 0:0002Þ � DCWð3;6Þ
(10)

(training set: r2 ¼ 0.8818, q2 ¼ 0.8774, s ¼ 0.506, MAE ¼ 0.382,
F ¼ 619, test set: r2 ¼ 0.9360, q2 ¼ 0.9243, s ¼ 0.466, MAE ¼ 0.359,
F ¼ 293).

In the Eqs. (8)e(10), r2 is the correlation coefficient, q2 is the
leave-one-out cross-validated correlation coefficient; s is the
standard error of estimation; MAE is mean absolute error and F is
Fischer ratio. Proposed models are for the best model for each split
where best Monte Carlo optimization run was taken into consid-
eration. For splits 1, 2 and 3 best models weremodel 6, model 6 and
model 7, respectively.

http://203.200.173.43:8080/rmsquare/


Table 1
Statistical quality of QSAR models of IC50 for three random splits.

1 SPLIT 2 SPLIT 3 SPLIT

T Nac rs2 ss fs rv
2 sv fv Rm

2 T Nac rs
2 ss fs rv

2 sv fv Rm
2 T Nac rs

2 ss fs rv
2 sv fv Rm

2

Model 1 1 6 117 0.8267 0.602 396 0.8487 0.832 112 0.7672 5 126 0.8497 0.566 469 0.8910 0.599 164 0.8598 8 105 0.7488 0.738 247 0.893 0.606 167 0.8856
2 6 117 0.8281 0.600 400 0.8498 0.844 113 0.7663 5 126 0.8579 0.550 501 0.8509 0.692 114 0.8251 8 105 0.7666 0.711 273 0.9048 0.565 190 0.8984
3 6 117 0.8223 0.610 384 0.8375 0.879 103 0.7367 5 126 0.8528 0.560 481 0.9054 0.566 191 0.8875 8 105 0.7656 0.713 271 0.8906 0.588 163 0.8822
Av 6 117 0.8257 0.604 393 0.8453 0.852 109 0.7568 5 126 0.8535 0.559 484 0.8824 0.619 156 0.8574 8 105 0.7603 0.721 264 0.8961 0.586 173 0.8887

Model 2 1 8 120 0.8103 0.630 355 0.8598 0.779 123 0.8127 10 108 0.8430 0.578 446 0.9299 0.515 265 0.8814 7 116 0.8151 0.633 366 0.8851 0.589 154 0.8433
2 8 120 0.8011 0.645 334 0.8452 0.772 109 0.7969 10 108 0.8451 0.575 453 0.9010 0.564 182 0.8935 7 116 0.8037 0.652 340 0.8973 0.577 175 0.8520
3 8 119 0.8206 0.613 380 0.8796 0.736 146 0.8233 10 108 0.8393 0.585 433 0.9210 0.532 233 0.8743 7 116 0.7979 0.662 328 0.8979 0.596 176 0.8697
Av 8 120 0.8107 0.630 356 0.8615 0.762 126 0.8110 10 108 0.8423 0.580 444 0.9173 0.537 227 0.8831 7 116 0.8056 0.649 345 0.8934 0.587 168 0.855

Model 3 1 9 117 0.7871 0.668 307 0.8672 0.743 131 0.8159 9 125 0.8701 0.526 556 0.8861 0.621 156 0.8845 7 122 0.8331 0.602 414 0.9194 0.541 228 0.9092
2 9 117 0.8449 0.570 452 0.8629 0.785 126 0.8112 9 125 0.8673 0.532 542 0.9054 0.547 191 0.8717 7 120 0.8359 0.597 423 0.9285 0.480 260 0.8959
3 9 118 0.7780 0.682 291 0.8636 0.754 127 0.7933 9 125 0.8633 0.54 524 0.8864 0.601 156 0.8697 7 119 0.8234 0.619 387 0.9224 0.526 238 0.9086
Av 9 117 0.8033 0.640 350 0.8646 0.761 128 0.8068 9 125 0.8669 0.533 541 0.8926 0.590 168 0.8753 7 120 0.8308 0.606 408 0.9234 0.516 242 0.9046

Model 4 1 4 154 0.8456 0.569 455 0.8736 0.787 138 0.8390 5 137 0.8624 0.541 520 0.9188 0.543 226 0.8925 7 117 0.8105 0.641 355 0.8962 0.594 173 0.8385
2 4 153 0.8313 0.594 409 0.8819 0.775 149 0.8212 5 137 0.8554 0.555 491 0.9149 0.552 215 0.8818 7 117 0.7758 0.697 287 0.8998 0.602 180 0.8834
3 4 154 0.8310 0.595 408 0.8821 0.779 150 0.8479 5 137 0.8583 0.550 503 0.9106 0.540 204 0.8968 7 117 0.7934 0.669 319 0.8883 0.605 159 0.8459
Av 4 154 0.8360 0.586 424 0.8792 0.780 146 0.8360 5 137 0.8587 0.549 505 0.9148 0.545 215 0.8904 7 117 0.7932 0.669 320 0.8948 0.600 171 0.8559

Model 5 1 3 171 0.8601 0.541 510 0.8245 0.904 94 0.8203 7 129 0.8563 0.553 494 0.9127 0.54 209 0.8964 8 122 0.8843 0.501 634 0.9273 0.538 255 0.8635
2 3 172 0.8479 0.564 463 0.8345 0.887 101 0.8341 7 129 0.8763 0.513 588 0.9063 0.554 193 0.8912 8 122 0.8842 0.501 634 0.9203 0.559 231 0.8478
3 3 172 0.8525 0.556 480 0.8104 0.918 86 0.7831 7 129 0.8779 0.51 597 0.9125 0.546 208 0.8849 8 122 0.8876 0.494 656 0.9189 0.578 227 0.8701
Av 3 172 0.8535 0.554 484 0.8231 0.903 94 0.8125 7 129 0.8702 0.525 560 0.9105 0.547 203 0.8908 8 122 0.8854 0.499 641 0.9222 0.558 238 0.8605

Model 6 1 4 173 0.8469 0.566 459 0.8678 0.793 131 0.8596 5 153 0.8560 0.554 493 0.9214 0.519 234 0.9110 7 131 0.7868 0.680 306 0.8951 0.591 171 0.8251
2 4 173 0.8474 0.565 461 0.8947 0.782 170 0.8601 5 153 0.8541 0.558 486 0.9193 0.553 228 0.8934 7 132 0.7832 0.686 300 0.8747 0.635 140 0.8155
3 4 173 0.8416 0.576 441 0.8779 0.807 144 0.8353 5 153 0.8568 0.552 497 0.9192 0.537 228 0.9083 7 133 0.7975 0.663 327 0.8623 0.659 125 0.7635
Av 4 173 0.8453 0.569 454 0.8801 0.794 148 0.8517 5 153 0.8556 0.555 492 0.9200 0.536 230 0.9042 7 132 0.7892 0.676 311 0.8774 0.628 145 0.8014

Model 7 1 9 163 0.8981 0.462 732 0.7795 1.039 71 0.7376 2 270 0.9017 0.458 761 0.9025 0.570 185 0.8343 3 223 0.8831 0.503 627 0.9271 0.501 254 0.9213
2 9 162 0.8938 0.472 698 0.8226 0.958 93 0.7978 2 270 0.9006 0.460 752 0.9162 0.520 219 0.8444 3 223 0.8818 0.506 619 0.9360 0.468 293 0.9347
3 9 163 0.8903 0.479 674 0.7886 1.013 75 0.7503 2 269 0.9003 0.461 750 0.9145 0.531 214 0.8415 3 222 0.8810 0.508 615 0.9294 0.486 263 0.9082
Av 9 163 0.8941 0.471 701 0.7969 1.003 80 0.7619 2 270 0.9009 0.456 754 0.9111 0.540 206 0.8401 3 222 0.8820 0.506 620 0.9308 0.485 270 0.9214

T e Threshold.
Nac e Number of attributes which are not blocked for a given T.
rs
2, rv2 e Correlation coefficient for training and test set.
ss, sv e Standard error of estimation for training and test set.
fs, fv e Fischer F-ratio for training and test set.
Rm
2 e Metric suggested by Roy et al. [45].
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Fig. 2. Graphical representation of QSAR models for used splits for IC50.
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Table S3 contains an example of calculation DCW(3,6) for the
best Monte Carlo run for best model represented in Table 1. As
addition, Table S4 contains the Adjacency Matrix of the molecular
graph used for calculation (Supplementary material).

In order to demonstrate the predictive power and accuracy of
the Monte Carlo method, models developed in this work were
compared with those obtained with other QSAR approaches re-
ported in the literature for the same data sets on HEPT compounds.
Models constructed using Monte Carlo method were described by
similar or better statistics and predictive power as compared with
the other QSAR models. Comparing coefficients from literature [16]
derived by PLS (r2 ¼ 0.891 and q2 ¼ 0.866) and MLR (r2 ¼ 0.900 and
q2 ¼ 0.745) statistical methodology to coefficients from best Monte
Carlo model (training set: r2 ¼ 0.8818, q2 ¼ 0.8774 and set:
r2 ¼ 0.9360, q2 ¼ 0.9243) reveals similar and better predictivity
Table 2
Criteria of predictability for best QSAR models for three splits.

Split 1 Split 2 Split 3

rv
2(x,y):
y-experimental values;
x-calculated values
rv
2 ¼ 0.8947 rv

2 ¼ 0.9299 rv
2 ¼ 0.9360

r0
2 ¼ 0.8718 r0

2 ¼ 0.9133 r0
2 ¼ 0.9322

rr0
2 ¼ 0.8932 rr0

2 ¼ 0.9271 rr0
2 ¼ 0.9360

rA ¼ 0.0256 rA ¼ 0.0179 rA ¼ 0.0041
rB ¼ 0.0017 rB ¼ 0.0029 rB ¼ 0.0000
k ¼ 1.0782 k ¼ 1.0299 k ¼ 0.9639
kk ¼ 0.9191 kk ¼ 0.9655 kk ¼ 1.0327
Rm
2 (t) ¼ 0.7593 Rm

2 (t) ¼ 0.8100 Rm
2 (t) ¼ 0.8778

rv
2(y,x):
y-calculated values;
x-experimental values
rv
2 ¼ 0.8947 rv

2 ¼ 0.9299 rv
2 ¼ 0.9360

r0
2 ¼ 0.8932 r0

2 ¼ 0.9271 r0
2 ¼ 0.9360

rr0
2 ¼ 0.8718 rr0

2 ¼ 0.9133 rr0
2 ¼ 0.9322

rA ¼ 0.0017 rA ¼ 0.0029 rA ¼ 0.0000
rB ¼ 0.0256 rB ¼ 0.0179 rB ¼ 0.0041
k ¼ 0.9191 k ¼ 0.9655 k ¼ 1.0327
kk ¼ 1.0782 kk ¼ 1.0299 kk ¼ 0.9639
R*m

2 (t) ¼ 0.8601 R*m
2 (t) ¼ 0.8814 R*m

2 (t) ¼ 0.9347

Rm
2 (av) ¼ 0.8097 Rm

2 (av) ¼ 0.8457 Rm
2 (av) ¼ 0.9063

DRm
2 ¼ 0.1008 DRm

2 ¼ 0.0714 DRm
2 ¼ 0.0569

rA ¼ (r2 � r0
2)/r2 should be <0.1 [44].

rB ¼ (r2 � rr02)/r2 should be <0.1 [44].
Should be 0.85 < k < 1.15 [44].
Should be 0.85 < kk < 1.15 [44].
Rm
2 (t) and R*m

2 (t); Rm2 of test set and should be >0.5 [45].
Rm
2 (av) is average value of Rm2 and should be >0.5 [46].

DRm
2 should be lower 0.2 [46].
since PLS andMLRmodels were constructed without using test set-
predicted values to validate the model. Another research [18] used
both ANN and MLR techniques for the same data set. Q2 values for
MLR and ANN were calculated as 0.605 and ranged from 0.525 to
0.954, while r2 values were found to be 0.811 and 0.919, respec-
tively (but no q2ext1 and q2ext2 values). Results presented in this
work are comparable to stated results, since high values for q2

implied the model’s high predictive power. According to the cur-
rent OECD guidelines [48], high q2 cannot be a single parameter to
imply the predictive ability of a model. For this reason several
validation methods were used. Results prove that presented
approach is a powerful alternative to more popular QSAR methods.

The correlation weights (CW) of molecular features (SAk)
calculated using CORAL both for SMILES and graph based de-
scriptors can be used for classification of these features according to
their values from three probes for appropriate Monte Carlo model.
They could be divided into three categories: features with stable
positive values of correlation weights (promoters of increase of an
endpoint); features with stable negative values of correlation
weights (promoters of decrease of an endpoint); and unstable
features which have positive values of correlation weights together
with negative correlation weights values for several models [29e
34]. If the, for an example, correlation weight of SAk CW(SAk) is
>0 in all three runs of the Monte Carlo optimization process then
the SAk is promoter of IC50 increase. However, if CW(SAk) is <0 in
all three runs of the optimization then the SAk is promoter of IC50
decrease. In the end if there are both CW(Sk) >0 and <0, or SAk is
blocked in three runs of optimization then SAk has an undefined
role. Same rule is applied for all SAk. The list of all SAk together with
correlation weights for the three runs of the Monte Carlo optimi-
zation process for best model for all splits is given in the Table S5
(Supplementary material).

According to presented results (Table S5) for split 3 (the best
among all models) graph based SAk that have stabile positive
values and therefore classified as promoters of IC50 increase are
EC1-1s2.18.., EC1-1s2.42.., EC1-1s2.63.., EC1-1s2.72.., EC1-2p2.18.., etc.
On the other hand SAk that have stabile negative values and
therefore are promoters of IC50 decrease are EC1-1s1.21.., EC1-
1s2.27.., EC1-1s2.54.., EC1-2p2.36.., EC1-2p2.54.., etc. Some of SMILES
based SAk with stabile positive values and therefore promoters of
IC50 increase are þþþþF—S¼¼¼, þþþþCL–N¼¼¼,
BOND10000000, N.þ.., NOSP11100000, c.(.. and with sta-
bile negative values and therefore promoters of IC50 decrease are
þþþþB2–B3¼¼, þþþþO—B3¼¼, C.#.., C.C.C., F...,
N....

Since models calculated with Eqs. (5)e(7) have the mechanistic
interpretation the analysis of SMILES attributes given in Table S5



Fig. 3. The design of perspective anti-HIV-1 agents by means of the using of QSAR model calculated with Eq. (7); compound #1 as the basis for the computer aided design was used.
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can be useful in searching for novel HEPT derivates with desired
IC50. Computer molecular design of new HEPT derivates is pre-
sented in Fig. 3. Starting molecule A (molecule 1 form Table S1) for
all new molecules is already presented in Table S3 with detail
calculation of DCW. When Eq. (7) is applied to calculated DCW,
resulting IC50 value is 4.407. Results from Table S5 for SAk indicate
that triple bond solo #...; triple bond with C atom C.#..
and triple bond between two C atoms C.#.C. have stabile
negative value, therefore are promoters of IC50 decrease. Designed
molecule A1- has addition of all previously stated SAk and the
application of Eq (7) give result of 4.213 for IC50. In molecule A2-
SAk C.C. is substituted with C.C.C. which have stabile
negative value. That SAk can be considered as three connected sp3

carbon atoms. Calculated IC50 value for molecule A2- is 4.153.
Molecule A3- has addition of SAk N... with stabile negative
value. That SAk can be considered as aliphatic N atom in amino
group. Addition of amino group resulted with 4.207 value for IC50.
Molecule A4- has changed hydroxyl group to carbonyl. With this
additional SAk ¼ ..., O. ¼ .. and O. ¼ .C. are intro-
duced within molecule A4- all with stabile negative values. Calcu-
lated value for IC50 is 4.092. When in molecule A SAk with stabile
positive values is introduced, value for IC50 must be higher in
comparison to value for IC50 of starting molecule A. Molecule A1þ
has addition of chlorine atom SAK are Cl... and
HALO01000000, molecule A2þ has group with branching (SAk are
(.C.(., C.(..... and C.(.C.), molecule A3þ has additional
group on benzene ring (SAk is c.(.....). All SAk have stabile posi-
tive values. Molecule A4þ has reduced two connected carbon sp3

atoms to one carbon sp3 atom (molecule does not have SAk C.C.
which has stabile negative value). Calculated values for IC50 for
molecules A1þ, A2þ, A3þ and A4þ are 5.156, 7.519, 6.347 and 4.735
all higher in comparison to IC50 of molecule A.

4. Conclusion

QSAR models for a non-nucleoside reverse transcriptase inhib-
itor with HEPT derivates were build. Monte Carlo optimization
process incorporated within The CORAL software is able to be an
efficient tool to build up robust models with good statistical quality.
The predictive potential of the applied approach was tested with
three splits into the training and test set. The robustness of model
was proven with different methods. The SMILES attributes, which
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are promoters of IC50 increase/decrease are identified. The sug-
gested modeling process for HEPT derivates as NNRTIs is based on
the computational experiments with application of statistically
stable structural alerts (promoters of increase or decrease of IC50).
This approach can be applied in the search for new potential anti-
HIV-1 agents.
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