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Abstract A predictive model of the anticarcinogenic activity of a 1,4-dihydro-4-
oxo-1-(2-thiazolyl)-1,8-naphthyridines series has been built, with statistical quality:
n=75,r> = 0.7688, s=0.48, F =243 (training set); n=25, r> = 0.8025, s=0,49,
F =93 (test set). The robustness of this model has been tested in three random splits
into training set and test set. Correlation weights (the analogue of the contributions of
substituents) of molecular attributes expressed by symbols in the simplified molecular
input line entry system (SMILES) notation are able to serve as informative indicators
in the search for new anticancer agents.

Keywords SMILES - QSAR - Optimal descriptor - Anticancer activity

1 Introduction

The search for anticancer agents is an important field of medicinal chemistry. Recently,
quantitative structure—activity relationships (QSAR) for a series of 7- and 3-substi-
tuted 1,4-dihydro-4-oxo-1-(2-thiazolyl)-1,8-naphthyridines, which are novel antitu-
mor quinolone agents, was carried out [1].

Typically, descriptors calculated with molecular graphs are used in QSAR analysis
[2-12]. Their checking and validation [13] as well as the reduction of correlations
between two-dimensional (2D) descriptors [14] are not possible when applying a
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simple interpretation [15] of the relationship between structure and endpoint in the
case of multiple linear regression (MLR).

The contributions of substituents in the free Wilson model [16] and in Fujita-Ban
calculations [17] have a transparent interpretation. Semiempirical topological indexes
[18] as well as optimal descriptors [12] are developed in an attempt to obtain descrip-
tors that can indicate positive or negative influence of individual molecular fragments
on endpoints. On the other hand, quantum-mechanical descriptors can lead to funda-
mental knowledge about the mechanisms of biochemical phenomena [19].

As an alternative, the simplified molecular input line entry system (SMILES) molec-
ular graph [20-25] can be used for elucidation of molecular structures. Considerable
knowledge about applications of SMILES in QSAR analysis has been gained in recent
years [26-34].

There are a number of software systems that can generate so-called canonical
SMILES; however, the canonical SMILES generated by different software packages
are not the same [23,24]. One can expect that a standard for SMILES notation will
be formulated in the near future. Since at the present such a standard is not available,
only the SMILES which are generated by a selected software package (not a mix-
ture of SMILES generated by several software systems) should be used for QSAR
analysis. Accordingly, the SMILES used in the present study were generated with the
ACD/ChemSketch program [23].

The aim of this study is to evaluate the ability of SMILES-based optimal descriptors
in QSAR modeling of the potential anticancer capability of the title compounds.

2 Method

The endpoint considered herein for the studied compounds is log(1/ICsp), where
ICsp represents the concentration of the agent necessary to reduce cell viability by
50% against Murine P388 Leukemia (in vitro cytotoxic activity). Numerical data on
this endpoint were taken from Ref. [1].

Optimal SMILES-based descriptors are calculated as follows:

DCW (limS) = CW (b) x CW (db) x CW (tb) x [ [CW (SS). (1

where b is the number of brackets in the SMILES (i.e., a measure of branching), db
represents the number of ‘=" (the symbol indicating a double bond), tb is the number
of ‘#’ (the symbol indicating a triple bond), and SSj is a composition of two elements
of SMILES. There are elements which contain only one symbol (‘c’, ‘C’, ‘=", ‘#’, ‘1’,
‘2’, etc.). Also, elements which contain two symbols (‘Cl’, ‘Br’, ‘N+’, ‘@ @’, etc.) are
included. The physical meaning of these (and others) elements of SMILES notation
is described in the literature [20-22] and is also available on the Internet [23-25].
CW(x) represents the correlation weight for x, i.e., for one of the mentioned SMILES
attributes (SA). Correlation weights are calculated by the Monte Carlo optimization
method. The correlation coefficient between the descriptor and anticancer activity (for
a training set) is a target function of the optimization. Based on the numerical data for
the correlation weights, one can calculate, using Eq. 1, the value of DCW(limS) for
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both training and test set. Using the least-squares method, one can calculate for the
training-set model

Log (1/ICs0) = Co + C; x DCW (lim$) . 2)

Using an external test set one can then estimate the predictive ability of Eq. 2.

There are SA which appear many times in the training set. However, there are also
SA that are rare or absent in the training set. Rare SA can lead to overtraining (the
situation in which good statistical quality of the model for the training set is accom-
panied by poor statistical quality for the test set). If the value of CW(x) is fixed to be
1, the influence of CW(x) is blocked. The number of SMILES in the training set that
contain x can be used for classification of the SA into rare or not rare groups. The
parameter limS is used for this separation into two classes. In other words, if imS=35,
all SA which appear one, two, three or four times in the SMILES notations of the
training set are defined to be rare and their corresponding CW(SA)=1.

3 Results

Table 1 shows the structures and ID of the considered anticancer agents. Three splits
into training set and test set have been carried out. Table 2 shows the ID of the com-
pounds selected for inclusion in the test set for each split.

The values in Table 3 indicate that the best limS (from the point of view of predictive
statistical quality) are the following: limS =13 (for split 1) and limS=11 (for splits 2
and 3). Graphically these results are plotted in Figs. 1, 2, and 3.
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Table 2 List of anticancer

agents selected in the test set for Split 1 Split 2 Split 3
three splits into training and test

sets 3 2 3

5 4

8 11

12 12 16

14 16 21

16 20 29

24 27 32

29 32 33

32 34 36

34 36 39

37 39 40

42 45 46

46 46 50

50 49 53

58 53 60

64 62 62

67 64 65

73 65 67

75 66 74

78 70 78

81 74 82

88 79 86

91 85 90

92 90 94

94 96 100

Table 4 shows that the statistical quality of the models is reproduced in three probes
of the Monte Carlo optimization. Numerical data on the correlation weights for splits 1,
2, and 3 are shown in Tables 5, 6, and 7, respectively. The model obtained in probe 1
for split 1 (maximal correlation coefficient for the training set) can be described as
follows (Table 8):

Log(1/1Csp) = —32.6796(£0.2319) + 28.6643(1+0.2016) x DCW(9) 3)

n=75,r%=0.7688, s =0.48, F =243 (training set)
n=25,r2 = 0.8025, s=0,49, F =93 (test set).

4 Discussion
First of all, the data in Tables 5, 6, and 7 indicate that different splits, in fact, represent

different distributions of the SA in the training set and the test set. For instance, the
SMILES attribute ‘(004°, as a rare descriptor, is blocked in the case of the split 1.
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Table 3 Average values of statistical characteristics over three runs of the Monte Carlo optimization for
three splits into training and test set

1imS Training set, n=75 Test set, n=25

R? s F R? N F
Split 1
1 0.8941 0.322 616 0.3303 1.086 12
2 0.8667 0.361 475 0.4587 0.905 20
3 0.8517 0.381 419 0.5944 0.814 34
4 0.8308 0.407 359 0.7278 0.598 62
5 0.7839 0.459 266 0.7179 0.594 60
6 0.7777 0.466 256 0.7843 0.547 85
7 0.7753 0.469 252 0.7623 0.537 75
8 0.7747 0.469 251 0.7731 0.530 79
9 0.7658 0.479 239 0.7966 0.496 90
10 0.7540 0.491 224 0.7432 0.563 67
11 0.7585 0.486 229 0.7266 0.583 61
12 0.7541 0.490 224 0.7172 0.616 59
13 0.7499 0.494 219 0.7125 0.605 59
14 0.7455 0.499 214 0.7027 0.623 55
15 0.7469 0.498 216 0.7127 0.601 57
16 0.7361 0.508 204 0.6455 0.701 42
17 0.7372 0.507 205 0.6728 0.659 48
18 0.7243 0.519 192 0.6823 0.627 49
19 0.7254 0.518 193 0.6940 0.610 52
20 0.7200 0.523 188 0.7008 0.601 54
Split 2
1 0.9140 0.303 373 0.4175 1.079 5
2 0.8833 0.354 259 0.3878 0.900 4
3 0.8685 0.375 224 0.1813 1.080 1
4 0.8677 0.376 224 0.3088 0.934 3
5 0.8219 0.437 152 0.6341 0.552 16
6 0.7974 0.466 128 0.7911 0.416 40
7 0.7904 0.474 122 0.7533 0.460 31
8 0.7882 0.476 120 0.7619 0.451 32
9 0.7913 0.473 123 0.7775 0.430 35
10 0.7807 0.485 114 0.7129 0.495 24
11 0.7874 0.477 119 0.7148 0.492 24
12 0.7687 0.498 106 0.7326 0.482 27
13 0.7601 0.507 100 0.7523 0.458 30
14 0.7291 0.539 83 0.7151 0.504 24
15 0.7343 0.534 85 0.6985 0.529 22
16 0.7302 0.538 83 0.7140 0.499 24
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Table 3 continued

limS Training set, n=75 Test set, n=25
R2 s F R? s F
17 0.7298 0.538 83 0.7197 0.492 25
18 0.7297 0.538 83 0.7387 0.472 28
19 0.7221 0.546 80 0.7172 0.498 24
20 0.7213 0.547 79 0.7198 0.493 25
Split 3
1 0.8896 0.319 277 0.2438 1.264
2 0.8594 0.360 207 0.1363 1.543
3 0.8228 0.405 153 0.6985 0.656 23
4 0.8105 0.419 140 0.7518 0.641 36
5 0.7828 0.448 116 0.8283 0.539 52
6 0.7606 0.471 100 0.7715 0.610 35
7 0.7599 0.471 100 0.7668 0.625 35
8 0.7507 0.480 94 0.7350 0.637 30
9 0.7571 0.474 98 0.7233 0.637 26
10 0.7333 0.497 85 0.7556 0.613 31
11 0.7406 0.490 89 0.7451 0.612 29
12 0.7363 0.494 86 0.7350 0.616 28
13 0.7324 0.497 84 0.7388 0.621 28
14 0.7246 0.505 81 0.7160 0.656 26
15 0.7111 0.517 75 0.7442 0.648 29
16 0.7110 0.517 75 0.7428 0.647 29
17 0.7062 0.521 73 0.7456 0.642 29
18 0.7103 0.518 74 0.7371 0.668 29
19 0.7047 0.523 72 0.7729 0.628 34
20 0.6977 0.529 69 0.7609 0.656 32

Best models indicated by bold

However, this attribute is active (not blocked) in splits 2 and 3. One can argue that
this attribute can hardly be classified as informative from a probabilistic point of view.
Indeed, in the case of split 2, the correlation weight of this attribute is less than 1
(i.e., the presence of this attribute should indicate a decrease of anticancer potential).
However, in the case of split 3, the correlation weight of this attribute is more than 1
(i.e., the presence of this attribute should indicate a increase of anticancer potential)
for probes 1 and 2, but less than 1 for probe 3 (Table 7).

The presence of three double bonds in a molecule (three ‘=" symbols in SMILES
notation), indicated by the attribute ‘=003’, is also uninformative. In spite of the prev-
alence of this attribute (in split 1, 67 SMILES of the training set and 23 SMILES of
the test set contain this attribute; for splits 2 and 3, these numbers are 66 and 24 for the
training set and test set, respectively), the correlation weight of ‘=003’ can be less than
1 (for probes 2 and 3 of split 1 and for all probes of splits 2 and 3), but this correlation
weight assumes a value of more than 1 for probe 1 of split 1 (Table 5).
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Fig.1 Split 1: statistical quality of the models for the training (circles) and test (triangles) sets for different
limS Averages of three runs of the Monte Carlo optimization values of the correlation coefficients for the
training and test sets were used
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Fig.2 Split 2: statistical quality of the models for the training (circles) and test (triangles) sets for different
limS Averages of three runs of the Monte Carlo optimization values of the correlation coefficients for the
training and test sets were used

Thus, small prevalence (the number of SMILES notations which contain a given
attribute is slightly larger than limS) and uncertainty in the correlation weight for the
attribute (e.g., both weights of more than 1 and of less then 1) are criteria that could be
used to detect an uninformative SA. Vice versa, considerable prevalence and stability
of the correlation weight are indicators of an informative SMILES attribute for a given
split into training set and test set. Data on the correlation weights can be derived only
when relevant experimental data are available. However, even without experimental
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Fig.3 Split 3: statistical quality of the models for the training (circles) and test (triangles) sets for different
limS Averages of three runs of the Monte Carlo optimization values of the correlation coefficients for the
training and test sets were used

Table 4 Statistical characteristics of the model for three splits into training and test set obtained with

preferable limS in three runs of the optimization

limS Nact Probe Training set, n=75 Training set, n =25
R? s F R? 5 F
Split 1
9 59 1 0.7688 0.475 243 0.8025 0.488 93
2 0.7702 0.474 245 0.8012 0.488 93
3 0.7584 0.486 229 0.7860 0.510 85
Average 0.7658 0.479 239 0.7966 0.495 90
Split 2
6 63 1 0.8024 0.460 132 0.7454 0.462 29
2 0.7919 0.472 123 0.8085 0.401 43
3 0.7979 0.466 128 0.8194 0.383 47
Average 0.7974 0.466 128 0.7911 0.416 40
Split 3
5 65 1 0.7847 0.446 117 0.7952 0.584 40
2 0.7847 0.447 117 0.8644 0.503 68
3 0.7790 0.452 113 0.8254 0.532 49
Average 0.7828 0.449 116 0.8283 0.539 52

Best models indicated by bold
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Table 5 Split 1: list of active SMILES attributes, their correlation weights, and their numbers in SMILES
(NS) of training and test sets (IlimS = 9)

SMILES CW in CW in CW in NS in NS in
attribute probel probe2 probe3 training set test set
th

#000 0.9538402 0.9808784 0.9614161 74 25
b

(004 1.0069256 0.9917391 0.9931731 11 2
(005 1.0005778 0.9981406 1.0053204 40 13
(006 1.0102562 1.0066339 1.0177830 13 7
db

=003 1.0065376 0.9964434 0.9903546 67 23
SSk

1 1.0001107 0.9986446 1.0011815 52 16
2__( 1.0103654 1.0099957 1.0163725 31 9
3 ( 1.0462660 1.0381324 1.0458014 26 7
c=_( 1.0097072 1.0126836 1.0268410 56 22
c=_2 1.0111797 1.0040687 1.0145751 14 2
c__ ( 0.9986995 0.9992303 1.0004702 75 25
c__. 1.0062031 1.0073227 1.0080156 18 8
c__1 1.0105574 1.0051111 1.0154923 53 22
c__2 1.0121544 1.0106909 1.0007106 21 3
c__3 0.9773942 0.9875076 0.9744696 18 4
c__4 1.0130803 1.0059339 1.0152771 32 8
c__ee 0.9891423 1.0029960 0.9844050 18 8
C__c= 1.0204134 1.0070099 1.0092012 34 16
c__e 0.9927229 1.0027127 0.9811036 20 7
c__c 1.0159151 1.0108568 1.0200656 55 16
cl__ 1.0149667 1.0111851 1.0211254 68 22
F_( 0.9925155 0.9959618 0.9911058 42 17
F__2 1.0254122 1.0178202 1.0339464 27 13
H__ee 1.0065362 1.0096221 1.0070571 17 8
H__e 1.0097804 1.0121132 1.0175138 20 7
o=__( 0.9955781 0.9933688 0.9879447 68 23
0=__. 0.9679181 1.0040887 1.0367063 17 3
0=__2 1.0282465 1.0100214 1.0129371 13 2
0=_cC 1.0051733 1.0016534 0.9926740 17 3
N__( 1.0052640 1.0036226 1.0074598 75 25
N___ 0.9844198 0.9930901 0.9823370 27 11
N__2 1.0184709 1.0192112 1.0337232 9 1
N__3 1.0005210 0.9987077 0.9910126 33 16
N__4 1.0237013 1.0131284 1.0173496 11 1
N___C= 0.9947178 0.9840230 0.9810249 41 10
N__C 0.9986130 0.9987694 0.9976378 59 22
o___( 0.9965045 0.9968972 0.9952062 70 24
o__1 0.9865404 0.9895067 0.9810333 10 5
o__cC 1.0028872 1.0025423 1.0048829 15 6
1 1.0121234 1.0082741 1.0185373 21 9
¢ 1.0028848 0.9965592 1.0044614 23 10
[ 1.0067119 0.9985904 1.0102561 22 10
[N 1.0158988 1.0068809 1.0211586 14 6
c_ ( 1.0125070 1.0066789 1.0127835 75 25
c__1 0.9850484 0.9870561 0.9871600 24 4
c__2 1.0047137 1.0079680 1.0022385 55 22
c__ 3 0.9859138 0.9961110 0.9941915 69 22
c__4 1.0037319 1.0024863 1.0059256 62 23
c__5 0.9863401 0.9935592 0.9890303 9 1
c__c 1.0055883 1.0017049 1.0037475 75 25
n__1 0.9684299 0.9870527 0.9804015 19 3
n__2 1.0220503 1.0230768 1.0205440 51 21
n__3 1.0084609 1.0141060 1.0228955 38 7
n__4 1.0068778 1.0049291 1.0087649 53 21
n__c 1.0098274 1.0027045 1.0086248 75 25
s__1 1.0637583 1.0330432 1.0469326 15 2
s__ 2 0.9887100 0.9833413 0.9787601 20 7
s__4 1.0264241 1.0104732 1.0345065 30 13
s__c 1.0016417 1.0006302 1.0007508 67 20

The blocked attributes are omitted
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Table 6 Split 2: list of active SMILES attributes, their correlation weights, and their numbers in SMILES
(NS) of training and test sets (IlimS = 6)

SMILES CW in CW in CW in NS in NS in
attribute Probel Probe 2 Probe 3 training set test set
0.9778265 0.9618957 0.9813088 74 25
0.9816578 0.9671756 0.9915241 7 3
1.0060957 0.9990110 1.0033721 11 2
1.0097452 1.0069479 1.0107020 40 13
1.0216977 1.0229979 1.0179855 13 7
0.9933571 0.9773153 0.9958456 66 24
0.9888334 0.9604921 0.9894369 6 0
1.0088002 1.0051624 1.0048705 52 16
1.0046415 1.0189892 1.0108256 32 8
1.0341271 1.0478242 1.0342879 25 8
1.0171558 1.0344657 1.0149327 58 20
1.0148793 1.0391856 1.0115735 11 5
0.9999407 0.9985423 0.9998307 75 25
1.0067460 1.0061350 1.0052181 17 9
1.0132302 1.0119075 1.0071315 56 19
1.0004630 1.0054178 1.0050329 18 6
0.9828371 0.9754989 0.9831477 17 5
1.0142584 1.0148981 1.0094767 31 9
1.0099845 0.9894355 0.9953226 20 6
1.0162726 1.0262053 1.0143798 37 13
1.0199640 0.9860964 0.9978823 21 6
1.0105126 1.0139354 1.0078916 53 18
C 1.0159930 1.0177615 1.0107319 66 24
F. 0.9947550 0.9857250 0.9946057 44 15
F 1.0148933 1.0429714 1.0177395 28 12
H 1.0114270 0.9960125 0.9994598 19 6
H 1.0003344 1.0024301 0.9957010 21 6
[¢] 0.9965386 1.0008260 0.9952664 67 24
(9] 1.0176481 1.0719661 0.9901368 15 5
(o] 1.0238313 1.0338577 1.0121241 10 5
[¢] C. 1.0134058 0.9829535 1.0269374 15 5
N ( 0.9965036 1.0000913 1.0008129 75 25
N 0.9963321 0.9915191 0.9960415 29 9
N___1 1.0177727 1.0088842 1.0068400 8 4
N__2 1.0165136 1.0329303 1.0129731 9 1
N__3 0.9992317 0.9950339 0.9961654 36 13
N___ 4 1.0129574 1.0332943 1.0177879 9 3
N___C= 0.9658609 0.9667431 0.9879131 39 12
N___C 0.9972448 0.9962910 0.9969706 60 21
o ( 0.9866033 0.9863761 0.9928568 69 25
o___1 0.9877221 0.9720977 0.9866998 12 3
[¢] C 1.0041509 1.0059511 1.0036623 16 5
[ 1 1.0238752 1.0266190 1.0163632 22 8
[ C 0.9916985 0.9992887 0.9961809 25 8
[__H 0.9944438 1.0162172 1.0122050 24 8
[N 1.0137984 1.0257750 1.0118613 17 3
c_( 1.0057637 1.0093881 1.0065657 75 25
c___ 1 0.9971611 0.9905747 0.9907554 21 7
c__2 0.9976407 1.0043669 1.0002008 58 19
c__3 0.9878292 0.9751282 0.9917536 67 24
c__4 1.0046855 1.0056309 1.0011469 63 22
c_ 5 0.9947451 0.9918079 0.9928074 9 1
c__c 0.9998288 0.9983328 1.0013955 75 25
n___1 0.9830864 0.9673910 0.9803039 17 5
n__2 1.0057613 1.0239479 1.0089735 53 19
n__3 1.0155376 1.0164489 1.0050820 33 12
n___4 1.0078733 1.0081104 1.0051191 55 19
n__5 0.9896612 0.9927245 0.9949830 6 1
n___c. 1.0014870 0.9981225 1.0020674 75 25
s___1 1.0608505 1.0933231 1.0443981 13 4
s___ 2 0.9919999 0.9965154 0.9847545 20 7
s___4 1.0257410 1.0410035 1.0188340 31 12
s c 1.0006827 1.0053294 1.0006227 65 22

The blocked attributes are omitted
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Table 7 Split 3: list of active SMILES attributes, their correlation weights, and their numbers in SMILES

(NS) of training and test sets (IlimS = 5)

SMILES CW in CW in CW in NS in NS in
attribute Probel Probe 2 Probe 3 training set test set
th

#000. 0.9621592 0.9497921 0.9816455 74 25
b

(003 0.9815572 1.0044196 0.9994500 8 2
(004 1.0013028 1.0296071 1.0091396 11 2
(005 1.0197642 1.0344675 1.0195228 39 14
(006 1.0268523 1.0415978 1.0198709 13 7
db

=003 0.9884570 0.9914248 0.9884271 66 24
=004 1.0054205 1.0070592 0.9860682 5 1
SSk

1 ( 0.9999616 1.0086408 0.9980004 53 15
2 ( 1.0165580 1.0347494 1.0049201 32 8
3 ( 1.0521844 1.0697399 1.0057306 24 9
C=__( 1.0129000 1.0106854 1.0111276 58 20
C=__2 1.0113902 1.0356614 1.0202594 12 4
C___( 1.0009022 1.0020768 1.0015151 75 25
c___. 1.0092467 1.0103786 1.0017177 18 8
c__1 1.0146842 1.0144150 0.9980776 54 21
C___2 1.0023651 0.9965816 0.9945243 19 5
c___ 3 0.9917420 0.9879109 0.9852441 17 5
c___ 4 1.0088102 1.0228595 1.0087346 32 8
C___@e 0.9983925 1.0104875 1.0028854 18 8
C___C= 1.0162671 1.0308056 1.0133050 38 12
c__e 1.0200239 1.0020967 0.9968486 19 8
Cc___C 1.0122098 1.0152454 1.0056880 56 15
cl__. 1.0165174 1.0257764 1.0114340 67 23
F___( 0.9997315 1.0002027 0.9997634 44 15
F___ 2 1.0225508 1.0292075 1.0060076 27 13
F___3 0.9565775 0.9516350 0.9791420 5 0
H___ee 1.0153568 1.0095559 0.9953538 18 7
H__@ 0.9951692 1.0185354 1.0006017 19 8
O ( 0.9894990 0.9905463 0.9956920 67 24
O . 1.0124421 0.9931883 0.9946305 16 4
O 2 0.9946226 1.0029398 0.9922557 11 4
O C 0.9835682 1.0051858 1.0135789 16 4
N___( 0.9979574 0.9966660 0.9988118 75 25
N__ 0.9940010 0.9880667 0.9926867 28 10
N___ 1 0.9950157 0.9970878 0.9916153 9 3
N___2 1.0270302 1.0356577 1.0099827 9 1
N___3 0.9781524 0.9858350 0.9911510 35 14
N___4 1.0577702 1.0593358 1.0209524 12 0
N___C= 0.9830417 0.9673134 0.9960350 38 13
N___C 0.9920399 0.9903145 0.9964805 59 22
o___( 0.9880073 0.9827073 0.9936899 69 25
o___1 0.9836409 0.9765493 0.9895800 9 6
o__C 1.0035079 1.0034375 1.0007596 13 8
[ 1 1.0125687 1.0245552 1.0007208 20 10
[_C 0.9936303 0.9966326 1.0027614 23 10
[ _H 1.0118704 0.9944021 1.0008652 23 9
[N 1.0049133 1.0204371 1.0080089 14 6
c_ ( 1.0117418 1.0168111 1.0062319 75 25
c___1 0.9936918 0.9955021 0.9975255 23 5
c___2 1.0017019 1.0014710 1.0018272 57 20
c___3 0.9988700 0.9942194 0.9926086 67 24
c___4 0.9945454 1.0009012 1.0012178 62 23
c__5 0.9811383 0.9781146 0.9939911 9 1
c___C 1.0101802 1.0102950 1.0021466 75 25
n___ ( 0.9330230 0.9064532 0.9552828 5 0
n___1 0.9918858 0.9764785 0.9897546 18 4
n___2 1.0126866 1.0260082 1.0114082 52 20
n___3 1.0098498 1.0265103 1.0073757 34 11
n___4 1.0068324 1.0126311 1.0091957 52 22
n__5 0.9936415 0.9967540 0.9956270 6 1
n__c 1.0219793 1.0186105 1.0033268 75 25
s 1 1.0427817 1.0706896 1.0153638 14 3
s___2 1.0019118 0.9876430 0.9912262 20 7
s 4 1.0303562 1.0534105 1.0096712 31 12
S, C 0.9958532 0.9911567 0.9960015 65 22

The blocked attributes are omitted
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Table 8 Anticancer activity: experimental values and values calculated with Eq. 3 (split 1, probe 1,

limS =9)

ID SMILES DCW(9) Expr Calc

Training set

1 C1.0=C(0)C2=CN(cInc(c(F) 1.1026346 —0.814 —1.073
cc1C2=0)N3CCC(N)C3)cdcceccd

2 C1.0=C(0)C2=CN(cInc(c(F) 1.1180538 —0.735 —0.631
cc1C2=0)N3CCC(N)C3)c4ccc(F)ccd

4 CLNCICCN(C1)c2nc3c(cc2F) 1.0924168 —1.376 —1.366
C(=0)C(=CN3C4CC4)C(=0)0

5 CLNCICCN(C1)c2ne3N 1.1243058 —0.506 —0.452
(C=C(C(=0)c3cc2F)C(=0)O)cdcccsd

7 Cl.Cclec(on1)N2C=C(C(=0)0) 1.1338148 —0.191 —0.180
C(=0)c3cc(F)e(nc23)N4CCC(N)C4

8 CLNCICCN(C1)c2nc3N(C=C(C(=0) 1.1262901 —1.165 —0.395
¢3cc2F)C(=0)0O)cdnncs4d

10 CLNCICCN(C1)c2nc3N(C=C(C(=0) 1.1325841 —1.410 —-0.215
¢c3cc2F)C(=0)O)cdnccs4

11 CLNCICCN(C1)c2nc3N(C=C(C(=0) 1.1627775 0.883 0.651
¢c3cc2F)C(=0)0)cdnc(C)cs4

13 CL.NCICCN(C1)c2nc3N(C=C(C(=0) 1.1604339 0.350 0.583
c3cc2F)C(=0)0)cdnc(C)c(C)s4

15 CLNCICCN(C1)c2nc3N(C=C(C(=0) 1.1582060 0.939 0.520
¢3cc2F)C(=0)0)cdnc(csd)c5cecces

17 CLNCICCN(C1)c2ne3N(C=C(C(=0) 1.1559439 0.728 0.455
¢c3cc2F)C(=0)0)cdncc(Br)sd

18 CLNCICCN(C1)c2ne3N(C=C(C(=0) 1.1537268 0.064 0.391
¢c3cc2F)C(=0)0)cdncc(0OC)s4

19 CLNCICCN(C1)c2nceSc(cc2F)C(=0) 1.1640017 0.939 0.686
C(=CN5c3ncdcccecds3)C(=0)0

20 CIL.NCICCN(C1)c3ncc4C(=0)C(=CN 1.1732082 0.882 0.950
(c2nccs2)c4n3)C(=0)0

21 CL.NCICCN(C1)c2nc3N(N=C(C(=0) 1.0992560 —1.424 —1.170
¢c3cc2F)C(=0)O)cdnccs4

22 CLNCICCN(C1)c2cc3N(C=C(C(=0) 1.1243801 —0.447 —0.450
c3cn2)C(=0)0)c4nccs4

23 CLNCICCN(C1)c2cc3N(C=C(C(=0) 1.1086988 —1.427 —0.900
¢3cc2F)C(=0)0)cdnces4

25 CL.O=C(0)C2=CN(cInccs1)c3nc(NCCN) 1.0990238 —1.457 —1.177
¢(F)cc3C2=0

26 CL.O=C(0O)C3=CN(cInccs1)cdnc(N2CCCC2) 1.1474605 1.019 0.212
¢(F)cc4C3=0

27 CLO[C@@H]ICCN(C1)c2nc3N 1.1598712 0.763 0.567
(C=C(C(=0)c3cc2F)C(=0)O)cdnccs4

28 CLO[C@H]ICCN(C1)c2nc3N 1.1678218 1.275 0.795
(C=C(C(=0)c3cc2F)C(=0)O)cdnccs4

30 CLN[C@H]ICCN(C1)c2nc3N 1.1679046 1.127 0.798
(C=C(C(=0)c3cc2F)C(=0)O)cdnccs4

31 CL.CN(C)CI1CCN(C1)c2ne3N 1.1704181 0.850 0.870
(C=C(C(=0)c3cc2F)C(=0)O)cdnccs4

33 CL.C[C@H]ICN(C[C@ @H]1N)c2nc3N 1.1772150 1.550 1.064
(C=C(C(=0)c3cc2F)C(=0)O)c4nccs4

35 CLN[C@H]ICN(C[C@ @H]10)c2nc3N 1.1409430 —0.728 0.025

(C=C(C(=0)c3cc2F)C(=0)O)c4nccs4
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Table 8 continued

ID SMILES

DCW(9) Expr Calc

36 CLN[C@@H]ICN(C[C@H]10C)c2nc3N
(C=C(C(=0)c3cc2F)C(=0)O)cdnccs4

38 CLN[C@H]ICN(C[C@H]10C)c2nc3N
(C=C(C(=0)c3cc2F)C(=0)0)cdnccs4

39 CL.CN[C@H]ICN(C[C@ @H]10C)c2nc3N
(C=C(C(=0)c3cc2F)C(=0)0)cdnccs4

40 CLOC[C@ @]1(N)CCN(C1)c2nc3N
(C=C(C(=0)c3cc2F)C(=0)0)cdnccs4

41 C1.0=C(0)C4=CN(clnccs1)c5nc(N2C[C@ @H]
3NCCO[C@H]3C2)c(F)cc5C4=0

43 Cl.CN2CC=CI1CN(CC12)c3nc4N
(C=C(C(=0)c4cc3F)C(=0)0)c5ncesS

44 CLN[C@H]IC=CC[C@H]2CN(C[C@ @H]12)
¢3ncd4N(C=C(C(=0)c4cc3F)C(=0)O)c5nccsS

45 CLNCCICCN(C1)c2ne3N(C=C(C(=0)
¢3cc2F)C(=0)0)cdnccs4d

47 CIL.NCC1=CCN(C1)c2nc3N(C=C(C(=0)
¢c3cc2F)C(=0)0)cdnccesd

48 CLNCICCN(CC1)c2ne3N(C=C(C(=0)
¢3cc2F)C(=0)0)cdncces4

49 C1.COclecccceIN2CCN(CC2)c3nc4N
(C=C(C(=0)c4cc3F)C(=0)0)c5ncesS

51 C1.0=C(0)C3=CN(c2nc(N1CCSCC1)
¢(F)cc2C3=0)c4nccs4

52 C1.O=C(0)C3=CN(clnccsl)
c4nc(n2cenc2)c(F)ecdC3=0

53 C1.0=C(0)C2=CN(clnccsl)
¢3nc(SCCN)c(F)ec3C2=0

54 C1.O=C(0)C2=CN(clnccsl) c3nc(O)c(F)cc3C2=0

55 CLNCICCN(C1)c3cecdC(=0)
C(=CN(c2nccs2)c4n3)C(=0)0

56 CL[O—][N+](=0)c3cc4C(=0)C(=CN
(cInces1)c4nc3N2CCC(N)C2)C(=0)0

57 CLNCICCN(C1)c2ne3N(C=C(C(=0)
¢3cc2N)C(=0)0O)cdnccesd

59 CLNCICCN(C1)c2ne3N(C=C(C(=0)
¢3cc2Cl)C(=0)O)cdnccs4

60 CLNCICCN(C1)c3ce(Cl)cdC(=0)
C(=CN(c2nccs2)c4n3)C(=0)0

61 CL.FC(F)(F)clce(ne2N(C=C(C(=0)
¢12)C(=0)0)c3nccs3)N4CCC(N)C4

62 CL.NCICCN(C1)c3ce(N)
c4C(=0)C(=CN(c2nccs2)c4n3)C(=0)0

63 CL.CNCI1CCN(C1)c3cecdC(=0)
C(=CN(c2nces2)c4n3)C(=0)0

65 CL.CC1(NC)CCN(C1)c3cccdC(=0)
C(=CN(c2nccs2)c4n3)C(=0)0

66 CL.C[C@H]ICN(C[C@ @H]IN)
c3cccdC(=0)C(=CN(c2nces2)c4n3)C(=0)0

1.1467575 0.775 0.191

1.1546182 0.684 0.417

1.1705072 1.367 0.872

1.1610239 0.684 0.600

1.1298487  —0.379  —0.293

1.1862988 1.037 1.325

1.1678044 0.455 0.795

1.1506093 0.586 0.302

1.1362022 0.664 —0.111

1.1506093  —0.622 0.302

1.1215053  —-0.317  —0.532

1.1315070  —0.647  —0.246

1.1038615  —1.447 —1.038

1.0947873  —1.436  —1.298

1.0659911  —1.512  —2.124
1.1421628 1.553 0.060

1.1193405  —0.755  —0.594

1.1393664  —0.433  —0.020

1.1128450 0.237  —0.781

1.1756675 0.903 1.020

1.1623432 0.637 0.638

1.1880775 1.661 1.376

1.1658173 1.570 0.738

1.1882512 1.331 1.381

1.1871711 1.588 1.350
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Table 8 continued

D SMILES DCW(9) Expr Calc

68 CIL.CIC[C@H]ICN(C[C@ @H]IN) 1.1975109 1.228 1.646
¢c3cccdC(=0)C(=CN(c2nces2)c4n3)C(=0)0

69 CL.CCICC(N)CNI1c3cccdC(=0) 1.1477807 0.528 0.221
C(=CN(c2nccs2)c4n3)C(=0)0

70 CLC[C@H]I[C@H](N)CCNI c3ccc4C 1.1656954 0.597 0.734
(=0)C(=CN(c2nccs2)c4n3)C(=0)0

71 CLC[C@H]ICN(C[C@]I(C)N) 1.1904922 1.285 1.445
¢3cccdC(=0)C(=CN(c2nces2)c4n3)C(=0)0

72 C1.0=C(0)C2=CN(clInccs1)c3nc(ccc3C2=0) 1.1843114 1.369 1.268
N4C[C@ @H]5CCCN[C@ @H]5C4

74 CL.CN[C@ @H]ICN(C[C@H]10C) 1.1804066 1.728 1.156
¢3cccdC(=0)C(=CN(c2nces2)c4n3)C(=0)0O

76 CL.CCN[C@H]ICN(C[C@ @H]10C) 1.1991929 1.220 1.694
c3cccd4C(=0)C(=CN(c2nees2)c4n3)C(=0)0

77 CL.CN[C@H]ICN(C[C@@H]1SC) 1.1930665 1.320 1.519
c3cccdC(=0)C(=CN(c2necs2)c4n3)C(=0)0

79 C1.O=C(0)C2=CN(clnccsl) 1.1704041 0.715 0.869
c3nc(ccc3C2=0)N4CCCC4

80 C1.O=C(0)C2=CN(clnccsl) 1.1488752 0.797 0.252
¢3nc(ccc3C2=0)N4CCNCC4

82 CL.COclccecec IN2CCN(CC2) 1.1290084 —0.334 —0.317
cdcec5C(=0)C(=CN(c3nces3)c5n4)C(=0)0

83 CL.CNCI1CCCN(C1)c3cccdC 1.1843714  —0.130 1.270
(=0)C(=CN(c2nces2)c4n3)C(=0)0

84 C1.0=C(0)C2=CN(clnccsl) 1.1127096  —1.393  —0.785
c3nc(ccc3C2=0)N4Cc5ccccc5CC4

85 C1.0=C(0)C2=CN(clnccsl) 1.1587309 0.475 0.535
¢3nc(ccc3C2=0)N4CCOCC4

86 C1.0=C(0)C2=CN(clInccsl) 1.1065078 —1.258 —0.962
c3nc(ccc3C2=0)cdcccecd

87 Cl.Cclece(ce(C)nl)c3ceccdC 1.1047184 —1.287 —1.014
(=0)C(=CN(c2nccs2)c4n3)C(=0)0

89 C1.O=C(0)C2=CN(clnccsl) 1.1100466  —0.889 —0.861
¢3nc(C#C)ccc3C2=0

90 C1.O=C(0)C2=CN(clnccsl) 1.1023007 —1.107 —1.083
c3nc(cec3C2=0)cdcennd

93 NCICCN(C1)c3nc4N(C=C 1.1491248 0.769 0.259
(Cc2cccec2)C(=0)c4cc3F)cSnccesd

95 NCICCN(C1)c2ne3N(C=C 1.1535595 0.144 0.386
(C(=0)c3cc2F)C(N)=0)c4nccs4

96 NCICCN(C1)c2ne3N(C=C(0O) 1.1463956 0.316 0.181
C(=0)c3cc2F)c4nccs4

97 CN[C@H]ICN(C[C@ @H]10C) 1.1921655 1.096 1.493
c3cccdC(=0)C(=CN(c2necs2)c4n3)C=0

98 CN[C@H]ICN(C[C@ @H]10C) 1.1748922 0.847 0.998
c3cccdC(=0)C(=CN(c2nces2)c4n3)CO

99 CN[C@H]ICN(C[C@@H]10C) 1.1620083 0.829 0.629
c3cccdC(=0)C(=CN(c2nees2)c4n3)C(C)=0

100 CN[C@H]ICN(C[C@ @H]10C)c3ccc4C 1.1751477 0.682 1.005

(=0)C(=CN (c2nces2)c4n3)C\C=C/C(=0)0C
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Table 8 continued

D SMILES DCW(9) Expr Calc

Test set

3 C1.O=C(0)C2=CN(cInc(c(F)cc1C2=0) 1.1107533 —1.433 —0.841
N3CCC(N)C3)cdceeend

6 CLNCICCN(C1)c2ne3N(C=C(C(=0) 1.0981767 —1.418 —1.201
¢3¢cc2F)C(=0)0)cdccnod

9 Cl.Cn4ncccdN1C=C(C(=0)0)C(=0) 1.1001760 —1.429 —1.144
c2cc(F)e(nc12)N3CCC(N)C3

12 CLNCICCN(C1)c2nc3N(C=C 1.1529393 0.175 0.369
(C(=0)c3cc2F)C(=0)0)c4ncc(C)s4

14 CL.NCICCN(C1)c2nc3N(C=C(C(=0) 1.1435082 —0.310 0.098
¢3cc2F)C(=0)0)c4nc(cs4)C(C)(C)C

16 CL.NCICCN(C1)c2nc3N(C=C(C(=0) 1.1559439 0.639 0.455
c3cc2F)C(=0)0)c4ncc(Cl)s4

24 CLNCICCN(C1)c3c(F)ccdC(=0) 1.0707181 —2.147 —1.988
C(=CN(c2nccs2)cd4c3F)C(=0)0

29 CLN[C@@H]ICCN(C1)c2nc3N(C=C 1.1599535 1.371 0.570
(C(=0)c3cc2F)C(=0)0)c4nccsd

32 CL.CCI(N)CCN(C1)c2ne3N(C=C(C 1.1876783 1.175 1.364
(=0)c3cc2F)C(=0)0)c4nccsd

34 CL.C[C@@H]ICN(C[C@ @H]IN) 1.1692005 0.835 0.835
¢c2nc3N(C=C(C(=0)c3cc2F)C(=0)0)c4nccsd

37 CLN[C@H]ICN(C[C@@H]10C) 1.1467575 1.246 0.191
¢c2nc3N(C=C(C(=0)c3cc2F)C(=0)0)c4nccsd

42 C1.0=C(0)C4=CN(clInccs1)c5nc(N2C[C@ @H] 1.1281136 0.136 —0.343
3CCCN[C@ @H]3C2)c(F)cc5C4=0

46 CLNC[C@H]ICN(C[C@H]1Cl)c2nc3N 1.1519520 0.434 0.340
(C=C(C(=0)c3cc2F)C(=0)O)cdnccesd

50 CL.NCCICN(CCO1)c2nc3N(C=C(C(=0) 1.1265070 —0.630 —0.389
c3cc2F)C(=0)0O)c4nces4d

58 CLNCICCN(C1)c2nc3N(C=C(C(=0) 1.1089551 —1.062 —0.892
¢3¢c20)C(=0)0)cdncesd

64 CL.CC1(N)CCN(Cl1)c3cccdC 1.1977229 1.291 1.652
(=0)C(=CN(c2nccs2)c4n3)C(=0)0

67 CL.C[C@H]ICN(C[C@@H]INC) 1.1777829 1.507 1.081
c3cccdC(=0)C(=CN(c2nces2)cdn3)C(=0)0

73 CLN[C@H]ICN(C[C@@H]10C) 1.1564561 1.333 0.469
c3cccdC(=0)C(=CN(c2nces2)cdn3)C(=0)0

75 CL.CN[C@ @H]ICN(C[C@H]10C) 1.1804066 1.282 1.156
c3cccdC(=0)C(=CN(c2nces2)c4n3)C(=0)0

78 CL.CN[C@H]ICN(C[C@H]10C) 1.1884980 1.303 1.388
c3ccc4C(=0)C(=CN(c2nces2)c4n3)C(=0)0

81 CIL.C[C@H]ICN(C[C@ @H](C)N1) 1.1813492 0.678 1.183
c3cccdC(=0)C(=CN(c2ncecs2)c4n3)C(=0)0

88 C1.0=C(0)C2=CN(clInccs1)c3nc(C=C) ccc3C2=0 1.0852346 —0.524 —1.572

91 NCICCN(C1)c2nc3N(C=C(C(=0)c3cc2F) 1.1574530 0.472 0.498
C(=0)OCC)c4nccs4

92 NC1CCN(C1)c2ne3N(C=CC(=0) c3cc2F)c4nccs4 1.1677941 0.277 0.794

94 NCICCN(C1)c2ne3N 1.1691781 1.229 0.834

(C=C(C=0)C(=0)c3cc2F)c4nccs4d
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data, the prevalence of SMILES attribute for a new compound is the parameter that
governs its activity. Hence, the prevalence, which is predicted and known in advance,
can be used as an indicator for selecting the robust split into training set and test set
(from the probabilistic point of view) for a QSAR model of the activity of potential
anticancer agents.

For instance, one can see from Tables 5, 6, and 7, that the SMILES attribute ‘Cl__."
has considerable prevalence in both the training and test sets (e.g., split 1: 68-22;
split 2: 66-24; and split 3: 67-23) and the correlation weight is more than 1 for all
runs of the Monte Carlo optimization. Thus, this attribute is a promoter of the increase
of the anticancer potential. A stable situation (from the probabilistic point of view)
occurs for “c__3__”, because correlation weights of this attribute are less than 1 for all
runs of the optimization. The distribution of this attribute is 69-22, 67-24, and 67-24
for splits 1, 2, and 3, respectively.

It is to be noted that all the conclusions above concern the considered splits 1-3. It
is quite possible that other splits may lead to different outcomes. However, there is an
indicator for the rational selection of a split: the prevalence of the attributes.

Criticism of the QSAR approach appeared in recent papers [35-37]. In fact, the
probabilistic logic and the reproducibility are the only arguments in the polemics
related to the issue: “QSAR: Dead or alive?” [37]. Since in the present study we have
applied both mentioned items for QSAR analysis of the investigated anticancer agents
we strongly believe that, if properly done, QSAR approaches will be alive for years
to come.

5 Conclusions

SMILES-based optimal descriptors can be used for QSAR modeling of anticarcino-
genic activity for a series of 7- and 3-substituted 1,4-dihydro-4-oxo-1-(2-thiazolyl)-
1,8-naphthyridines. The developed models provide satisfactory predictions for three
random splits of data into training set and test set. Probabilistic analysis of the cor-
relation weights together with the prevalence (distribution) of SA in the training set
and test set can be useful in the search for mechanistic interpretations of the activity
of anticancer agents.
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