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ABSTRACT

Robust quantitative structure-activity relationships (QSARs) for hBACE-1 inhibitors (plC50) for a large
database (n=1706) are established. New statistical criteria of the predictive potential of models are
suggested and tested. These criteria are the index of ideality of correlation (//C) and the correlation
intensity index (Cll). The system of self-consistent models is a new approach to validate the predictive
potential of QSAR-models. The statistical quality of models obtained using the CORAL software (http://
www.insilico.eu/coral) for the validation sets is characterized by the average determination coefficient
R%,= 0.923, and RMSE = 0.345. Three new promising molecular structures which can become inhibi-

tors hBACE-1 are suggested.

Introduction

Alzheimer's disease is a chronic neurodegenerative disease
affecting more than 30 million people worldwide. The devel-
opment of small-molecule inhibitors of human B-secretase1
(hBACE-1) which are potential therapeutic agents for the
treatment of Alzheimer’s disease is the well-known task of
theoretical chemistry and medicinal chemistry (Subramanian
and Poda 2018).

hBACE-1 is the target for the prevention and treatment of
Alzheimer’s disease (Ribaudo et al. 2019). However, the main
cause of Alzheimer's is not known yet but some abnormal-
ities in the brain are the hallmark of this disease. These
include the accumulation of insoluble deposits of beta amy-
loidal plaques outside the neurons and intracellular neurofib-
rillary tangles (Dhanjal et al. 2014). During the last decade,
numerous research groups have synthesized inhibitors of
B-amyloid cleaving enzyme-1 (BACE-1) in the hope of devel-
oping a therapy to halt or even reverse the progression of
Alzheimer’s disease. The amyloid hypothesis has long been
the central dogma in drug discovery for Alzheimer's disease
(Prati et al. 2018). Many big pharma companies were
expending great resources in the search for BACE-1 inhibitors
(Hunt and Turner 2009). The inhibition of B-secretase activity
in vivo remains one of the most attractive strategies for the
treatment of Alzheimer's disease, although progress in get-
ting inhibitors to the clinic as rule is slow (Zhang et al. 2014).
Despite experimental and clinical efforts, there is a high
unmet medical need for the effective treatment of
Alzheimer's disease, one of the most prevalent and
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debilitating neurological diseases (Neumann et al. 2018). The
inhibitors of BACE-1 can be also used for traumatic brain
injuries as a therapeutical agent (Blasko et al. 2004). It should
be noted, besides beta-secretase human BACE-1 as potential
agents for the treatment of Alzheimer's disease, also, inhibi-
tors of human acetylcholinesterase (hAChE) and human
butyrylcholinesterase (hBuChE) are studied (Panek et al.
2018; Tripathi et al. 2019; Choubey et al. 2021) as well as
other endpoints (Toropov et al. 2018). Computation models
for the above biochemical phenomena are suitable tools to
reduce the space of potential effective substances.

Quantitative  structure-property/activity  relationships
(QSPRs/QSARs) are the source of models in general
(Bhargava et al. 2017; Nickovi¢ et al. 2020; Kumar and Kumar
2021; Toropova and Toropov 2022) and for hBACE-1 inhibi-
tors activity, in particular (Cruz and Castilho 2014; Panek
et al. 2018; Tripathi et al. 2019; Choubey et al. 2021).

There are various QSPR/QSAR approaches (Berhanu et al.
2012) such as linear regression (Ghasemi et al. 2007), partial
least squares, neural network, support vector machine
(Cao et al. 2010), k-nearest neighbors (Stoyanova-Slavova
et al. 2014), and Monte Carlo technique (Toropova and
Toropov 2014, 2022; Ahmadi and Akbari 2018; Toropov and
Toropova 2021). The Monte Carlo approach was applied to
the development of therapeutic agents for the treatment of
Alzheimer's disease (Toropova et al. 2015; 2018; Kumar
et al. 2021).

The aim of the present study is the assessment of the
Monte Carlo technique as a tool to build up models and the
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check the predictive potential of these models using three
the following recently suggested innovations (i) so-called sys-
tem of self-consistent models (Toropov and Toropova 2021);
(i) the index of ideality of correlation (Kumar et al. 2019;
Toropova and Toropov 2019; Toropov and Toropova 2019;
Ahmadi 2020; Bagri et al. 2020; Javidfar and Ahmadi 2020;
Nimbhal et al. 2020; Ghiasi et al. 2021; Kumar and Kumar
2021); and (iii) the correlation intensity index (Toropov,
Sizochenko et al. 2020; Toropov, Toropova et al. 2020;
Toropova and Toropov 2020; Toropov and Toropova 2020;
Jafari et al. 2022).

Method
Data

A collection of experimental plCsy values for 1706 com-
pounds was taken from the literature (Subramanian and
Poda 2018). These compounds were randomly split into the
active training set (=25%), the passive training set (~25%),
the calibration set (=25%), and the validation set (=~25%).
Table 1 shows that these splits are far to be identical.

Each above-mentioned set has a special task: (i) Active
training set is a creator of a model, i.e.,, compounds of this
set are used to build up a predictive model; (ii) Passive train-
ing set is an inspector of the model, i.e., compounds of this
set are used to check up whether the model is satisfactory
for substances that are absent in the active training set; (iii)
Task of the calibration set is to detect the start of the over-
training; (iv) The validation set is used for the final validation
of the predictive potential of the model.

Optimal SMILES-based descriptor

The optimal SMILES-based descriptor DCW(T,N) is applied for
a predictive model of the endpoint using the following
regression equation:

piCsy = Co+ Cy x DCW(T,N) (1)
DCW(T,N ) = CW(S) + > CW(SSk) + > CW(SSSk)

2

where T is an integer to separate SMILES attributes into rare
and non-rare, i.e. the non-rare SMILES are applied to build
up the model. The rare SMILES are not applied to build up
the model; N is the number of epochs of the optimization of
the correlation weights; Sy is a SMILES atom, i.e., one symbol
of SMILES line (e.g., ‘=', ‘O’) or a group of symbols which
cannot be examined separately (e.g., ‘CU’, ‘%11); SSx and SSS

Table 1. Matrix of identity (%) for five random splits examined here.

split1 split2 split3 split4 split5
split1 100 418 44.2 444 435
split2 46.4 100 425 44.8 415
split3 43.8 443 100 39.9 40.9
split4 46.2 453 455 100 428
split5 48.7 44.8 43.1 45.7 100

Matrix Element[i,j], i > j the identity for the active training sets.
Matrix Element[i,j], i <j the identity for the validation sets.

are fragments of SMILES including two and three SMILES-
atoms, respectively; and CW(S,), CW(SS,), and CW(SSS,) are
the correlation weights of the above SMILES attributes, i.e.
the numerical values of correlation weights are calculated
using the Monte Carlo method.

The Monte Carlo optimization

Equation (2) needs the numerical data on the above correl-
ation weights. The Monte Carlo optimization is a tool to cal-
culate those correlation weights. Here three target functions
for the Monte Carlo optimization are examined:

TFy = rar + rpr — ‘rAT_rPT| x 0.1 (3)
TF, =TF, +lICc x 0.5 (4)
TF3 =TF, + Cllc x 0.5 (5)

where r4r and rpr are correlation coefficients between
observed and predicted endpoint for the active training and
passive training sets, respectively.

The IICc is the index of ideality of correlation (Toropova
and Toropov 2019). The /IC¢ is calculated with data on the
calibration set as follows:

min( ~“MAEc, *MAE)

IICe =
Cc = e ax( ~MAE, TMAEC) (6)
: _x if x<y
min(x,y) = {y, otherwise @)

| x, if x>y
max(x,y) = { y, otherwise

1
“MAE: = fNZ|Ak|,’N is the number of Ay <0  (9)

, TN is the number of Ay >0 (10)

1
*MAE: = TNZ‘Ak

Ay = observed, — calculated,

()]

The observed and calculated are corresponding values of
the endpoint.

The correlation intensity index (Cl) (Toropov and
Toropova 2020) similarly to the above /IC, was developed as
a tool to improve the quality of the Monte Carlo optimiza-
tion aimed to build up QSPR/QSAR models.

The (Il is calculated as follows (Toropov and Toropova
2020):

Cllc=1-— Z Protesty (12)

R2—R?, if R2—R*>0

1
0, otherwise (13)

Protest, = {
where R? is the correlation coefficient for a set that contains
n substances and R’ is the correlation coefficient for n-1
substances of a set, after removing of kth substance. Hence,
if the (R - R?) is larger than zero, the kth substance is an
"oppositionist" for the correlation between experimental and
predicted values of the set. A small sum of “protests” means
a more “intensive” correlation.



The system of self-consistent models

Each ith model has a ith validation set. As it is demonstrated
(Table 1), the validation sets are far from to be identical. It is
a question of whether the arbitrary model can be used
for an arbitrary validation set? Naturally, compounds from
the validation set which are involved in creating the
model should be then excluded from the corresponding
assessment of the predictive potential. If the answer is ‘yes’,
these different models should be considered as self-consist-
ent ones.

The measure of self-consistency (Toropova and
Toropov 2021) is the average and dispersion of the correl-
ation coefficient on different validation sets. The correspond-
ing computational experiments are represented by this
matrix:

(M1 : V1 — RV121) (MS : V1 — RV%-I)

MV = (14)

(M1 : V5 — RV125) (MS Vs — Rvgs)

where M; is an ith model, the V; is the list of compounds
applied as the validation set in the case of jth split, and the
Rv§ is the correlation coefficient observed for the jth valid-
ation set if applied ith model.

Results and discussion

Histories of the monte carlo optimization with different
target functions

Figure 1 shows the graphical representations of the Monte
Carlo optimization with TF;, TF, and TF; for split 1. It is to
be noted that the histories of the other splits are the same
as indicated in Figure 1. One can see, the TF; gives the over-
training starting from the third epoch of the Monte Carlo
optimization. The TF, and TF; do not give the overtraining,

TFy

TF,
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but the statistical quality of the model for the validation set
in the case of TF; is better than in the case of TF,. The ana-
lysis of Figure 1 indicates that the preferable optimal descrip-
tors for TF; are DCW(1,2), but for the cases of TF, and TF;
descriptor DCW(1,15) is most adequate.

The comparison of the Monte Carlo optimizations based
on TF,, TF,, and TF;

Table 2 shows the statistical characteristics of the models
obtained for the five different splits into the active training,
passive training, calibration, and validation sets. The statis-
tical quality of obtained models indicates the advantage of
models obtained with TF; (Equation 5).

The weirdness of correlations on the training sets

Models obtained by the Monte Carlo optimization with tar-
get function TF; demonstrate the pair of correlations on the
active and passive training sets. The common determination
coefficient is poor, but separated correlations on two clusters
are quite good. Figure 2 shows a graphical representation of
the situation for split #1.

Domain of applicability

In general, the domain of applicability should be defined
before building up a model. However, even if a model is
built up for a congeneric set of compounds (e.g. alkanes,
benzene derivatives, etc.) some compounds will be character-
ized by a poor prediction for an endpoint. In the case of
CORAL software, the statistical defect of SMILES is used as an
indicator of compounds for which one should expect a poor
prediction of the endpoint.

TF3
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Figure 1. Histories of the Monte Carlo optimization with TF;, TF,, and TF; in the case of the split 1.
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Table 2. Statistical characteristics of models for five random splits were obtained using different target functions.

Target function Split Set* n R ccc Ic cl @ RMSE MAE
TF; 1 A 423 0.6088 0.7569 0.6867 0.7824 0.6056 0.915 0.768
P 420 0.6101 0.7705 0.7004 0.7944 0.6067 0.943 0.800

C 428 0.7962 0.8869 0.7297 0.8757 0.7942 0.590 0.458

v 435 0.8453 0.9170 0.8990 0.9061 0.8439 0.521 0.403

2 A 420 0.6010 0.7508 0.7322 0.7908 0.5975 0.933 0.809
P 438 0.5951 0.7481 0.7358 0.7760 0.5916 0.931 0.774

C 417 0.8082 0.8954 0.7926 0.8877 0.8064 0.568 0.446

v 431 0.8461 0.9164 0.7626 0.9078 0.8446 0.541 0.426

3 A 418 0.6007 0.7505 0.7318 0.7771 0.5971 0.950 0.806
P 441 0.6089 0.7530 0.7153 0.7862 0.6055 0.950 0.832

C 429 0.8288 0.9043 0.7769 0.9010 0.8271 0.523 0.414

v 418 0.8739 0.9323 0.8268 0.9238 0.8726 0.461 0.367

4 A 410 0.5931 0.7446 0.6917 0.7846 0.5896 0.934 0.812
P 428 0.6469 0.7646 0.6820 0.8004 0.6440 0.942 0.815

C 433 0.8101 0.8974 0.8647 0.8789 0.8085 0.541 0.432

v 435 0.8361 0.9133 0.7930 0.8943 0.8347 0.497 0.391

5 A 413 0.5918 0.7436 0.7016 0.7930 0.5881 0.968 0.844
P 439 0.5028 0.6987 0.6718 0.7647 0.4984 1.03 0.899

C 414 0.8618 0.9261 0.7921 0.9160 0.8605 0.460 0.369

v 440 0.8821 0.9373 0.8175 0.9283 0.8810 0.457 0.364

TF, 1 A 423 0.5204 0.6845 0.6348 0.7579 0.5161 1.01 0.894
P 420 0.5255 0.7012 0.6362 0.7797 0.5211 1.04 0.922

C 428 0.8893 0.9413 0.9430 0.9338 0.8882 0.404 0.327

v 435 0.9120 0.9544 0.8826 0.9470 0.9112 0.370 0.290

2 A 420 0.5210 0.6851 0.6316 0.7692 0.5165 1.02 0.910
P 438 0.5252 0.6857 0.6914 0.7635 0.5209 1.00 0.883

C 417 0.8766 0.9352 0.9363 0.9287 0.8754 0.429 0.349

v 431 0.8978 0.9469 0.9147 0.9363 0.8969 0.410 0.327

3 A 418 0.5163 0.6810 0.6467 0.7656 0.5119 1.05 0.936
P 441 0.5151 0.6683 0.6335 0.7591 0.5109 1.06 0.965

C 429 0.8709 0.9323 0.9332 0.9196 0.8698 0.412 0.329

v 418 0.8904 0.9428 0.9411 0.9297 0.8894 0.404 0.323

4 A 410 0.5069 0.6728 0.6271 0.7662 0.5023 1.03 0.928
P 428 0.5655 0.7003 0.6408 0.7738 0.5617 1.04 0.932

C 433 0.8893 0.9418 0.9430 0.9300 0.8882 0.395 0.314

v 435 0.8934 0.9439 0.8862 0.9338 0.8924 0.385 0.309

5 A 413 0.5438 0.7045 0.6857 0.7746 0.5396 1.02 0.904
P 439 0.4694 0.6716 0.6511 0.7557 0.4648 1.06 0.929

C 414 0.8682 0.9285 0.9317 0.9202 0.8669 0.439 0.354

v 440 0.8888 0.9412 0.8600 0.9283 0.8879 0.432 0.342

TF3 1 A 423 0.4660 0.6358 0.6122 0.7534 0.4610 1.07 0.968
P 420 0.5036 0.6768 0.6171 0.7647 0.4993 1.06 0.948

C 428 0.9014 0.9463 0.9494 0.9427 0.9004 0.379 0.315

v 435 0.9184 0.9546 0.9355 0.9493 0.9177 0.359 0.294

2 A 420 0.4799 0.6485 0.6004 0.7564 0.4750 1.07 0.950
P 438 0.4827 0.6524 0.6362 0.7511 0.4781 1.05 0.934

C 417 0.8747 0.9307 0.9352 0.9262 0.8735 0.434 0.354

v 431 0.8932 0.9431 0.8208 0.9333 0.8923 0417 0.338

3 A 418 0.5455 0.7059 0.6711 0.7709 0.5415 1.01 0.900
P 441 0.5437 0.6965 0.6514 0.7648 0.5398 1.03 0.913

C 429 0.9121 0.9543 0.9550 0.9450 09113 0.344 0.283

v 418 0.9224 0.9602 0.8599 0.9536 0.9216 0.345 0.277

4 A 410 0.5034 0.6696 0.6188 0.7676 0.4988 1.03 0.932
P 428 0.5448 0.6873 0.6116 0.7674 0.5409 1.07 0.956

C 433 0.9031 0.9489 0.9416 0.9423 0.9022 0.367 0.304

v 435 0.8888 0.9418 0.8924 0.9320 0.8878 0.391 0.315

5 A 413 0.5592 0.7173 0.7021 0.7868 0.5551 1.01 0.902
P 439 0.4601 0.6685 0.6147 0.7583 0.4554 1.08 0.945

C 414 0.9007 0.9475 0.9490 0.9430 0.8997 0.381 0.312

v 440 0.9089 0.9519 0.7898 0.9423 0.9081 0.396 0314

*A: active training set; P: passive training set; C: calibration set; V: validation set; n: the number of compounds in a set; R?: determination coefficient; CCC: con-
cordance correlation coefficient; /IC: index of ideality of correlation; Cll: correlation intensity index; Q% cross-validated (the leave-one out) R% RMSE: root mean
square error; and MAE: mean absolute error.

Defects of SMILES attribute A, are calculated as follows:

dik =

IP(Ax) — P'(Ar)|

N(Ax) + N'(Ax)

SMILES (D)) are calculated as follows:

(15)

where P(A,) and P(A,) are the probability of Ax in the active

training set and passive training set, respectively; N(A,) and
N'(A,) are frequencies of A in the active training set and

b

Il
L

passive training sets, respectively. The statistical defects of

(16)

where NA is the number of non-blocked SMILES attributes in
the SMILES.
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correlation cluster).

Table 3. Determination coefficients for the validation sets of models a
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passive training set of the model for split #1 (n is the number of participants of a

re based on the TF;, TF,, and TF;.

TF, Validation set, V, Validation set, V, Validation set, V3 Validation set, V, Validation set, Vs
Model, M, 0.8600 (201) 0.8804 (187) 0.8550 (201) 0.8717 (213)
Model, M, 0.8718 (201) 0.8901 (188) 0.8644 (196) 0.8905 (195)
Model, M; 0.9054 (187) 0.9170 (188) 0.9026 (194) 0.8924 (185)
Model, M, 0.8569 (201) 0.8617 (196) 0.8548 (194) 0.8430 (200)
Model, Mg 0.8970 (213) 0.9182 (195) 0.8810 (185) 0.8854 (200)

TF, Validation set, V, Validation set, V, Validation set, V3 Validation set, V, Validation set, Vs
Model, M, 0.9190 (201) 0.9304 (187) 0.9120 (201) 0.9258 (213)
Model, M, 0.9180 (201) 0.9268 (188) 0.9142 (196) 0.9166 (195)
Model, M3 0.9090 (187) 0.9194 (188) 0.9155 (194) 0.8969 (185)
Model, M, 0.9333 (201) 0.9304 (196) 0.9371 (194) 0.9229 (200)
Model, Ms 0.8972 (213) 0.9065 (195) 0.8984 (185) 0.8864 (200)

TF;3 Validation set, V, Validation set, V, Validation set, V3 Validation set, V, Validation set, Vs
Model, M, 0.9383 (201) 0.9343 (187) 0.9191 (201) 0.9379 (213)
Model, M, 0.9101 (201) 0.9147 (188) 0.8978 (196) 0.9161 (195)
Model, M; 0.9418 (187) 0.9376 (188) 0.9411 (194) 0.9380 (185)
Model, M, 0.9168 (201) 0.9295 (196) 0.9283 (194) 0.9155 (200)
Model, Ms 0.9102 (213) 0.9342 (195) 0.9123 (185) 0.9156 (200)

R2 = 0.880£0.018 (TF)).

R2 = 0.916+0.011 (TF,).

R2 = 0.923+0.012 (TF3).

The quantities of compounds that are not involved in building up corresponding models are indicated in brackets. The diagonal elements for
the MV matrix (Equation 14) are available from Table 2 as the corresponding determination coefficient for validation sets.

Table 4. Comparison of the statistical characteristics of the described model
obtained for split #1 with models suggested in Subramanian and Poda (2018)
for similar distribution into the training sub-set and validation subset.

Training* set Validation set

Method n R RMSE n R RMSE
PLS** 1365 0.629 0.827 341 0.577 0.883
RF 1365 0.904 0.421 341 0.657 0.795
CORAL 1271 0.590 0.894 435 0.918 0.359

*Training in the case of CORAL: Active training set- Passive training
set + Calibration set; n: the number of compounds in a set; R% correlation
coefficient; RMSE: root mean square error; **PLS: partial least squares; RF: ran-
dom forest.

A SMILES falls in the domain of applicability if
Dj < 2+«D (17)

where D is the average statistical defect of SMILES.

The system of self-consistent models

Table 3 shows the correlation coefficient between experi-
mental (Subramanian and Poda 2018) and predicted plC50
observed for five random splits examined here. One can see
that most self-consistency of described models is observed
in the case of Monte Carlo optimization with target func-
tion TF;.

Comparison with models from the literature

The comparison of the statistical quality of models should be
based on analogical distributions into the sub-system of the
training and the sub-system of the validation. Table 4 shows
the comparison of the statistical characteristics of the model
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Table 5. Molecular features extracted from SMILES which are promoters of p/C50 increase.

Molecular feature Graphical comments CWs run 1 CWs run 2 CWs run 3 NT* N2 N3
(G s 0.23727 0.05564 0.19789 423 419 427
H3_C/\~/
[ O 0.11269 0.01867 0.08093 420 413 425
2 i 0.57707 0.60379 0.24666 414 412 423
e
\\
/
Cuve (ve e CH o 0.12197 0.07471 0.66682 414 411 414
N (oot /NH 0.61909 0.05188 0.11007 410 407 413
H3C ~..
0o (eer e O 0.10734 0.33108 0.03332 386 376 359
~ H""\\
H.C
- -ee
(e Cu ( CH, 0.01442 0.00882 0.65119 361 359 353
H,C
CH,
Cu (..Cu CH o 0.37849 0.29414 0.39177 322 317 307
c..C e 0.39868 0.06869 0.32817 284 273 304
H3_C/\V/
N..(..C.. /NH 0.55295 0.55176 0.86751 279 275 279
H-/C ‘\\‘\;"
Cu (..Cu e 0.01780 0.29643 0.54863 277 287 275
e

*N1, N2, and N3 are frequencies of a molecular feature in the active training set, the passive training set, and the calibration set,

respectively.

obtained for split #1 and the model for the same database
described taken in work (Subramanian and Poda 2018).

Mechanistic interpretation

Mechanistic interpretation of the CORAL models is the list of
molecular features extracted from SMILES which have in sev-
eral runs of the Monte Carlo optimization solely either posi-
tive (these are the promoters of endpoint increase) or
negative (these are the promoters of endpoint decrease)

values of correlation weights. Table 5 shows a collection of
promoters of plC50 increase.

The list of perspective hBACE-1 inhibitors

Using the list of promoters of plC50 increase it is possible to
compare the different versions of molecular architecture in
order to extract in the aspect of the biological activity more
perspective compounds. Figure 3 shows examples of the per-
spective hBACE-1 inhibitors.



9.4745

Fele(-c2cc3[C@]4N=C(N)OC4)cdc(c(F)nc(C5=CCCOCS)c4)Oc3cc2)ccenl

8.7394

Fele(-c2¢c3[C@J4N=C(N)OC4)cdc(Oc3cc2)nec(CECC2(C)COC2)cd)ccenl

7.3034

FC(F)(F)C1OCN)=N[C@](C)(c2c(F)ccc(NC(=0)c3nce(C¥N)cc3)c2)Cl

TOXICOLOGY MECHANISMS AND METHODS . 7

9.7538

Fele(-c2ce3[C@J4(N=C(N)OC4)cdc(c(F)nc(C5=CCCOCS)c4)0c3¢c(C)c2)ccenl

Y

Fele(-c2ce3[C@J4N=C(N)OC4)cdc(Oc3c(N)e2)ncc(CHCC2(C)COC2)cd)ccenl

8.4822

FC(F)(F)C1O0CN)=N[C@](C)(c2c(F)c(N)cc(NC(=0)c3ncc(CEN)c(N)e3)c2)Cl

Figure 3. Modifications (for compounds at left), which can increase plC50 according to the model. Arrows show modifications that can increase the inhibitor potential
accordingly to promoters of increase for plC50 (Table 5): black arrows show modifications in the molecular structure, white arrows show modifications in SMILES.

Thus, the approach described here is presented that has
its advantages and disadvantages. The statistical quality of
the approach is comparable or even better than the statis-
tical quality of the models described in the literature (Table
4). It can be noted that the approach does not involve add-
itional physicochemical data, 3D molecular structure, and
descriptors of quantum mechanics.

It is to be noted that the reliability of the system of self-
consistent models can be checked up with a larger number
of models. Most probably, in this case, owing to the increase

in the number of situations (models) considered the statis-
tical reliability of this analysis will be improved.

The paradoxical effect of using the index of ideality of
correlation is that the corresponding models obtain improve
statistical quality for the calibration set and the external val-
idation set but to the detriment of the training set (both the
active and the passive sub-sets). In addition, the effect is
accompanied by the division of dots in coordinates experi-
mental vs. calculated values plC50 in two clusters (Figure 2).
Consequently, on one hand, improving the factual predictive
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potential (attractive statistical quality for the validation set),
but, on other hand, a decrease of the statistical quality is
observed for the training set. From a practical point of view,
the above situation is rather attractive than a poor one.

However, if the index of ideality of correlation has been
checked in building up models for different endpoints
(Kumar et al. 2019; Toropova and Toropov 2019; Ahmadi
2020; Bagri et al. 2020; Javidfar and Ahmadi 2020; Nimbhal
et al. 2020; Ghiasi et al. 2021; Kumar and Kumar 2021), the
correlation intensity index gives a practical improvement of
models, as the rule, incorporation with the index of ideality
of correlation, only (Toropov, Toropova et al. 2020; Toropova
and Toropov 2020; Toropov and Toropova 2020; Jafari
et al. 2022).

Unfortunately, the distribution (splits) into the active train-
ing set, the passive training set, the calibration set, and the
validation set can affect the statistical quality of a model: dif-
ferent distributions provide different models with different
predictive potential. However, namely, the principle of com-
parison of several splits provides the possibility to assess the
reliability (reproducing) of results.

Supplementary materials section contains the technical
details of the described computational experiments for split
1. Similar information for all splits is available on request.
The division of correlations into layers for active and passive
training sets is presented in the section of the Supplementary
material for all five random splits examined here.

Conclusions

The described approach gives quite good models for hBACE-
1 inhibitor activity (ICsp). The statistical quality of these mod-
els was confirmed by computational experiments with five
different distributions into the active training set, passive
training set, calibration set, and validation set. The statistical
characteristics of models for the validation set are examined
as the measure of the predictive potential of the models.
The best choice of the target function for the Monte Carlo
optimization produced by these models is the use of TF; cal-
culated with Equation (5). Despite the stochastic character of
described approach, the suggested system of self-consistent
models provides the measure for both the predictive poten-
tial of the applied approach (selected model) together with
the level of the reproducibility of the results.
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