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Abstract—The additive SMILES-based optimal descriptors have been used for modelling the bee toxicity. The influence of relative
prevalence of the SMILES attributes in a training and test sets to the models for bee toxicity has been analysed. Avoiding the use of
rare attributes improves statistical characteristics of the model on the external test set. The possibility of using the probability of the
presence of SMILES attributes in training and test sets for rational definition of the applicability domain is discussed.
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1. Introduction

Quantitative  structure-property/activity relationship
(QSPR/QSAR) is a tool for the estimation of unavail-
able numerical data on endpoints of interest by means
of correlations ‘descriptor-property/activity’.! The
descriptor is a numerical index of the molecular struc-
ture that can be calculated using information on the
molecular architecture, for instance, represented by
molecular graphs.”> As an alternative to the graph,
the simplified molecular input line entry system
(SMILES) can be used for the elucidation of the molec-
ular structure in the QSPR/QSAR analyses.® 8

The toxicity of pesticides towards bee is an important
ecologic indicator, since the bees have influence to many
natural processes related to fruit trees.” The experimen-
tal definition of the numerical values of the toxicity to-
wards bee involves considerable time and resources.'’
Thus there are motivations to search for robust models
of the toxicity towards bee.” 12

The number of SMILES-oriented databases in the inter-
net is gradually increasing. SMILES-based optimal
descriptors gave reasonable prediction for the bee toxic-
ity.!? The aim of the present study is an attempt to use
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more transparent version of the SMILES-based descrip-
tor. In fact, each SMILES attribute is a representation
of molecular fragment. The additive scheme!® is a
well-known approach of modelling properties by the
selection of special contributions for molecular frag-
ments. The new version of the SMILES-based optimal
descriptors is a SMILES-based realization of the addi-
tive scheme.

2. Results and discussion

Figure 1 shows the plot of ARP versus Lim S. One can
see from Figure 1 that the ARP and Lim S are increas-
ing. However for Lim S = 4 the ARP is unexpectedly de-
creased. This an interesting point probably it can be an
indicator for a robust selection of the LimS. The
hypothesis is that the ARP can be used for a preliminary
estimation of the split into training and test sets as well
as for estimation of the Lim S.

Figure 2 shows the correlation coefficients for the train-
ing and test sets for different Lim.S. One can see from
Figure 2 that the best statistical characteristics of the
model for the external test set take place for Lim S = 4.
Table 1 contains the statistical characteristics of the
models for the bee toxicity over LimS from 1 to 10
(see Figs. 1 and 2).

The first probe of the Monte Carlo optimization with
Lim S = 4 gave the model (see Figs. 3 and 4).
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Figure 1. Plot of Lim S versus average relative prevalence (ARP).
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Figure 2. Plot of the correlation coefficients R? for training (circles)
and test (triangles) sets versus the Lim S.

Log(1/C) = —3.460(£0.027) + 0.201(0.001) DCW (1)
n=285, r*=0.793, s =0.65, F =318 (training set)
n=20, r* =0.838, s=0.61, F =93 (test set)

Table 2 contains the correlation weights for the DCW
calculation obtained in three probes of the Monte Carlo
optimization. Table 3 shows an example of the DCW
calculation. Table 4 contains experimental and calcu-
lated with Eq. 1 values of the toxicity towards bee.

Correlation weights for the SMILES attributes (Table 2)
have similar numerical values over the three probes of
the Monte Carlo optimization. These have a transparent
interpretation: CW(x) < 0 means that the x is related to
the decrease of the bee toxicity, and vice versa
CW(x) > 0 means that the x is related to the increase
of the bee toxicity.

According to Ref. 14 each version of the SMILES soft-
ware produces different SMILES notations. Thus using
of a mixture of SMILES generated by different software

can produce results not reproducible. However using
SMILES generated by a single software (e.g., Chem-
Sketch!’) can provide reasonable QSPR/QSAR predic-
tion in general and the QSAR prediction of the bee
toxicity in particular.

In a previous study!? we obtained the follows statistical
characteristics of the bee toxicity: n =85, r*=0.68,
s=0.82, F=180 (training set) and n =20, r*=0.72,
s =0.68, F=46. Thus the statistical characteristics of
the model calculated with Eq. 1 are better.

Instead of the SMILES attributes which containing two
components, one can use attributes which are containing
one or three components. However, our experiments
have shown that both these models are worst in compar-
ison with the model of two components, at least for the
case of the bee toxicity. In the first case (i.e., one compo-
nent) correlations are low. In the second case (i.e., three
components) overtraining takes place. These results
have not been included in Table 1.

Also, one can attempt to take into account a numbers of
other chemical elements in the molecular structure (e.g.,
oxygen, phosphorus, sulfur, etc.). However, our experi-
ments have shown that taking into account a number of
other chemical elements does not improve this model.
More exactly, taking into account the numbers of the
oxygen, phosphorus and sulfur improves the model for
the training set, but the statistical characteristics for
the test set are considerably lower (overtraining). Most
probably this situation is exclusive for the structures of
these pesticides and for the bee toxicity. It is probable
that for other substances and other endpoints, the num-
bers of the oxygen, phosphorus and sulfur may become
more useful.

The difference between the present study and what de-
scribed in Ref. 12 is on the use of SMILES attributes
with two components (and not one as in the previous
one) and the Lim S index instead of the Lim V. It is to
be also noted we have used the additive scheme instead
of the multiplicative scheme. For bee toxicity these mod-
ifications gave significative improvements of the model.
Currently, it is not apparent whether these modifications
are useful for other endpoints and other substances. We
are planning to study this matter in the near future.

Thus, the proposed method improves the previous mod-
el and allows user to assess if the method is appropriate
for a certain new compound or not; for a new com-
pound what has to be checked is if, using Eqgs. 2 and
1, the SMILES of the substance (prepared by Chem-
Sketch!®) does not contain rare SMILES attributes.

3. Conclusion

The additive SMILES-based optimal descriptors can be
used as a tool for predicting the values of the bee toxic-
ity. The suggested Lim S index can be used as a tool for
the selection of the list of the SMILES attributes for the
robust SMILES-based model.
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Table 1. Statistical characteristics of the models for the bee toxicity with different Lim .S for the training (n = 85) and test (n = 20) sets

LimS Nact Probe rf St F, r% Sy F, ARP

1 127 1 0.9162 0.4117 434 0.6768 0.9793 15 —0.00118
2 0.9129 0.4197 415 0.6581 0.9943 14
3 0.9153 0.4140 429 0.6420 1.0001 13
Average 0.9148 0.4151 426 0.6590 0.9913 14

2 96 1 0.8960 0.4587 338 0.7300 0.9242 21 —0.00067
2 0.8879 0.4762 309 0.7453 0.9408 22
3 0.8933 0.4646 328 0.7552 0.9650 24
Average 0.8924 0.4665 325 0.7435 0.9433 22

3 83 1 0.8551 0.5414 226 0.6987 0.8029 17 0.00096
2 0.8561 0.5395 228 0.6911 0.8506 16
3 0.8563 0.5391 228 0.6718 0.8618 15
Average 0.8559 0.5400 227 0.6872 0.8384 16

4 69 1 0.7928 0.6475 140 0.8380 0.6111 42 —0.00384
2 0.7962 0.6422 144 0.8426 0.5976 44
3 0.7951 0.6439 143 0.8384 0.6208 43
Average 0.7947 0.6445 142 0.8397 0.6098 43

5 64 1 0.7883 0.6545 136 0.6571 1.0816 14 0.00469
2 0.7873 0.6561 135 0.6655 1.0683 14
3 0.7871 0.6563 135 0.6320 1.0701 12
Average 0.7875 0.6556 136 0.6516 1.0733 13

6 61 1 0.7760 0.6732 126 0.6819 1.0253 16 0.00612
2 0.7830 0.6626 132 0.6742 1.0646 15
3 0.7752 0.6745 125 0.6943 1.0141 17
Average 0.7781 0.6701 127 0.6835 1.0347 16

7 58 1 0.7442 0.7194 103 0.7414 0.7278 22 0.01227
2 0.7436 0.7203 103 0.7391 0.7323 22
3 0.7423 0.7221 102 0.7430 0.7266 22
Average 0.7433 0.7206 103 0.7412 0.7289 22

8 54 1 0.7398 0.7256 100 0.7316 0.7321 21 0.01634
2 0.7391 0.7265 100 0.7377 0.7190 21
3 0.7368 0.7297 99 0.7361 0.7303 21
Average 0.7386 0.7273 100 0.7351 0.7271 21

9 50 1 0.6865 0.7965 74 0.5500 0.9434 8 0.02212
2 0.6845 0.7990 73 0.5268 0.9642 7
3 0.6833 0.8005 73 0.5723 0.9148 9
Average 0.6847 0.7987 73 0.5497 0.9408 8

10 47 1 0.6816 0.8026 72 0.5552 0.9405 8 0.02635
2 0.6789 0.8060 71 0.5990 0.8985 10
3 0.6812 0.8032 72 0.5645 0.9308 8
Average 0.6806 0.8039 72 0.5729 0.9233 9

Nact is number of not blocked SMILES attributes. R, s, and F are correlation coefficient, standard error of estimation, and F-ratio Fischer,
respectively. Letters t and v are used to indicate training (t) and test (v) sets. Total number of the attributes is 133. Values in bold are for the best

predictions.

4. Method

As endpoint we used the decimal logarithm log(1/C),
where C is the concentration of the pesticides expressed
in mmol/bee, which kills 50% of the bees.!? These 105
pesticides have been split into training set (n = 85) and
test set (n = 20).

Optimal descriptors examined in the present study have
been defined as
DCW = CW(b) + CW(db) + CW(tb) + CW(N)
+ CW(Cl) + CW(Br) + CW(F)

+) CW(SSy) (2)

where CW(Db) is the correlation weight of the given num-
ber of branching (i.e., number of brackets in the
SMILES); CW(db) is the correlation weight of the given
number of double bonds (i.e., number of ‘="); CW(tb) is
the correlation weight of the number of triple bonds
(i.e., number of ‘#’); CW(N), CW(CIl), CW(Br), and
CW(F) are correlation weights for given numbers of
nitrogen, chlorine, bromine, and fluorine atoms, respec-
tively; CW(SSy) is the correlation weight of two compo-
nents SMILES fragment. The following SMILES
components contain two characters: ‘CI’, ‘Br’, ‘C=,
‘N=", ‘0=, ‘S=", ‘N+’, and ‘n+’. All other SMILES
components contain one character. The sequence of
the two components SMILES fragment is an association
of the components by the scheme
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Figure 3. Correlation between experimental and calculated with Eq. 1

.. .. Figure 4. Correlation between experimental and calculated with Eq. 1
values of the bee toxicity for the training set. g P q

values of the bee toxicity for the test set.

Table 2. Correlation weights over three probes of the Monte Carlo optimization and other characteristics of the SMILES attributes

SMILES attributes CW in probe 1 CW in probe 2 CW in probe 3 NT NV NTS NVS
th

#000 4.002 3.898 4.004 73 19 73 19
#001 5.673 5.560 5.974 11 1 11 1
#002 0.0 0.0 0.0 1 0 1 0
b

(000 0.0 0.0 0.0 1 0 1 0
(001 0.0 0.0 0.0 1 1 1 1
(002 2.499 2451 2.309 9 0 9 0
(003 0.397 0.498 0.411 16 3 16 3
(004 0.566 0.578 0.503 22 6 22 6
(005 1.748 1.791 1.425 14 2 14 2
(006 1.004 1.085 0.693 11 2 11 2
(007 1.297 1.303 1.300 4 4 4 4
(008 0.0 0.0 0.0 3 1 3 1
(009 0.0 0.0 0.0 2 0 2 0
(010 0.0 0.0 0.0 1 0 1 0
(012 0.0 0.0 0.0 0 1 0 1
(016 0.0 0.0 0.0 1 0 1 0
db

=000 3.097 3.424 3.090 10 4 10 4
=001 2.454 2.690 2.397 29 6 29 6
=002 1.948 2.102 1.914 29 3 29 3
=003 4.352 4.753 4.573 11 2 11 2
=004 3.521 3.995 3.653 4 5 4 5
=005 0.0 0.0 0.0 2 0 2 0
F

F000 2.458 1.754 2.323 77 19 77 19
F001 0.0 0.0 0.0 1 0 1 0
F003 4.800 4.598 5.074 5 1 5 1
F005 0.0 0.0 0.0 1 0 1 0
F006 0.0 0.0 0.0 1 0 1 0
Br

Br00 1.379 1.324 1.199 79 19 79 19
Br01 0.0 0.0 0.0 2 1 2 1
Br02 0.0 0.0 0.0 3 0 3 0
Br04 0.0 0.0 0.0 1 0 1 0
Cl

Cl00 4.429 4.573 4.348 58 11 58 11
Cl01 3.526 3.689 3.584 13 3 13

Cl02 4.304 4.003 4.050 5 3 5 3
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Table 2 (continued)

SMILES attributes CW in probe 1 CW in probe 2 CW in probe 3 NT NV NTS NVS
Cl03 0.0 0.0 0.0 3 1 3 1
Cl04 0.0 0.0 0.0 3 0 3 0
Cl0S 0.0 0.0 0.0 1 0 1 0
Cl06 0.0 0.0 0.0 2 2 2 2
N
NO000 2.154 2.249 2.324 28 6 28 6
NO001 4.674 4.826 4.875 34 3 34 3
N002 4.703 4.787 4.703 12 8 12 8
N003 2.172 2.276 2.127 8 3 8 3
NO004 0.0 0.0 0.0 3 0 3 0
SSk
[ —0.696 —0.683 —0.896 66 15 49 13
I ( 0.815 0.747 0.725 66 19 44 12
2 ( —0.801 —0.802 —0.797 12 2 12 2
21 0.0 0.0 0.0 1 2 1 2
3 ( 0.0 0.0 0.0 3 0 3 0
4 ( 0.0 0.0 0.0 0 2 0 2

= —2.002 —2.000 —2.001 16 7 11 5
C=__1 4.996 5.183 5177 12 2 11 2

= 2 0.0 0.0 0.0 2 1 2 1
C=_3 0.0 0.0 0.0 1 0 1 0
C_ # —0.196 —0.200 —0.196 15 1 12 1
C_ ( 0.112 0.103 0.153 545 143 80 19
C__1 0.091 0.099 0.146 73 17 31 5
C_2 1.275 1.224 1.260 14 15 6 3
C_3 0.0 0.0 0.0 1 12 1 3
C_ 4 0.0 0.0 0.0 0 4 0 2
C__C= 3.077 3.199 3.101 14 3 11 2
C_C —0.204 —0.200 —0.185 112 34 48 8
Br__ ( 1.490 1.537 1.511 21 2 6 1
Br_ 1 0.0 0.0 0.0 1 0 1 0
CL__( 1.076 1.105 1.126 103 36 25 9
CL_1 4.800 4.688 4.497 4 3 4 3
CL_3 0.0 0.0 0.0 1 0 1 0
ClL__C= 0.0 0.0 0.0 1 0 1 0
CL_C —1.153 —1.133 —1.478 4 3 4 3
F__ 0.062 —0.002 0.039 50 5 8 1
F_C 0.0 0.0 0.0 1 0 1 0
N=__( 1.598 1.124 1.328 7 1 7 1
N=_1 0.0 0.0 0.0 3 0 3 0

= C 6.400 6.525 6.538 8 1 8 1
N=__ N= 0.0 0.0 0.0 2 0 2 0
O0=___ —0.045 —0.040 —0.113 91 32 37 7
o—__1 0.0 0.0 0.0 3 0 3 0
Oo=_C —0.376 —0.312 —0.368 35 5 35 5
N__# 0.097 —0.149 —0.200 11 1 10 1
N__( —0.976 —0.913 —0.965 67 27 40 12
N__1 —1.411 —1.413 —1.334 14 1 11 1
N__C 0.750 0.797 1.001 23 10 18 8
N__N= 0.0 0.0 0.0 2 0 2 0
N_N 0.0 0.0 0.0 2 0 2 0
O_ ( 0.202 0.104 0.202 118 30 56 13
Oo_ 1 1.840 1.898 1.796 5 2 4 1
Oo_ 2 0.0 0.0 0.0 1 0 1 0
O__ 4 0.0 0.0 0.0 0 2 0 2
Oo__C= 0.0 0.0 0.0 0 1 0 1
o_C 1.489 1.517 1.521 86 24 48 11
O__ N= 0.0 0.0 0.0 3 1 3 1
S= 0.0 0.0 0.0 4 2 2 1
S=_ C 0.0 0.0 0.0 1 1 1 1
P_ ( 0.097 0.102 0.145 23 3 22 3
P__O= 3.099 3.202 3.403 9 2 9 2
P_ S= 4.925 5.087 5.104 13 1 13 1
S_ ( 0.704 0.718 0.638 29 7 24 7

(continued on next page)
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Table 2 (continued)

SMILES attributes CW in probe 1 CW in probe 2 CW in probe 3 NT NV NTS NVS
S_ 1 0.0 0.0 0.0 4 0 3 0
S_C 0.479 0.399 0.453 29 5 23 5
S__ 0= 0.0 0.0 0.0 2 3 2 3
S_ N 0.0 0.0 0.0 1 0 1 0
S__O 0.0 0.0 0.0 1 0 1 0
S_P 0.0 0.0 0.0 1 0 1 0
S__S 0.0 0.0 0.0 0 1 0 1
[« 0.252 0.252 0.303 29 9 10 2
_ 1 0.0 0.0 0.0 1 0 1 0
2 0.0 0.0 0.0 1 0 1 0
[ 3 0.0 0.0 0.0 1 0 1 0
[ C 0.0 0.0 0.0 1 0 1 0
[N+ 0.016 0.216 —0.111 20 6 7 2
[_O- 0.565 0.360 0.578 20 6 7 2
[ O 0.0 0.0 0.0 3 0 3 0
S 0.0 0.0 0.0 4 0 3 0
[ 4.303 4.280 4.599 5 1 5 1
c_ ( —0.297 —0.253 —0.270 219 46 55 12
c_1 0.254 0.297 0.363 220 40 52 12
c_ 2 1.325 1.392 1.371 33 0 12 0
c_ 3 0.0 0.0 0.0 5 0 2 0
c_ C 2.204 2.199 2.200 10 0 10 0
c__N= 0.0 0.0 0.0 1 0 1 0
c_ N —1.510 —1.510 —1.374 7 5 7 5
c_ O 4.080 4.075 3.979 25 3 24 3
c_ S 0.0 0.0 0.0 2 1 2 1
c_ [ 0.0 0.0 0.0 1 0 1 0
c_ ¢ —0.387 —0.435 —0.450 225 33 49 9
n+__ [ 0.0 0.0 0.0 4 0 1 0
n_ ( 3.471 3.338 3.255 12 12 9 7
n__1 —2.005 —2.004 —2.004 7 14 6 7
n__ 2 0.0 0.0 0.0 2 0 2 0
n__S 0.0 0.0 0.0 4 0 3 0
n__ | 0.0 0.0 0.0 4 0 3 0
n__c —1.590 —1.592 —1.504 13 12 8 7
s_( 0.0 0.0 0.0 1 1 1 1
s__¢ 0.0 0.0 0.0 1 1 1 1

NT and NV are numbers of a given attribute in the training and test sets, respectively; NTS and NVS are numbers of the SMILES containing a given

attribute in the training and test sets, respectively.

ABCDE.--=‘AB’+ ‘BC’+ ‘CD’ + ‘DE’ + - - -

It is possible that a molecular fragment can be repre-
sented by two different forms: that is, ‘AB’ and ‘BA’.
It can lead to the existence of two different correlation
weights, CW(‘AB’) # CW(‘BA’) for the same molecular
fragment. In order to avoid this situation each two com-
ponents SMILES fragment is ranged according to AS-
CII codes of its characters.

The SSy are local SMILES attributes (i.e., these are
characterizing a fragment of molecule). Other SMILES
attributes are global, because they are characterizing
molecules in whole.

Numerical data for the correlation weights can be
obtained by the Monte Carlo method optimiza-
tion>>!2 with the correlation coefficient between the
DCW and toxicity as target function (in other
words it is the calculation of the correlation weights
which produce a maximum of the correlation
coefficient).

The numbers of the local and global SMILES attributes
in a training set can be from zero till thousands. Using
correlation weights of rare attributes can lead to over-
training. One can block the influence of rare attributes'?
by fixing their correlation weights to zero if the total
number of the analysed attribute in the training set is
less than an assigned number (Lim N).

There is another possibility to block a SMILES attri-
bute if the number of SMILES which are containing
this attribute is less than an assigned number (Lim.S).
For example, if the total number of rare attribute in
the training set is three, it is possible that these are
present in a single structure, and the LimS keeps
into account this situation. The Lim S is used in this
study.

The probability of finding a SMILES attribute in a given
SMILES of training (test) set is an informative charac-
teristic of the attribute. The preferable situation if this
probability is not zero and one: zero indicates the ab-
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Table 3. Example of the DCW calculation with correlation weights of
the first probe (Lim S = 4)

SMILES attributes

CW in probe 1 LimS =4

Oo=_2C —0.376
c_ ( 0.112
N_ (. -0.976
N (. -0.976
c__ | -0.297
c_ 1 0.254
c_ 1 0.254
c_ | —0.297
. ( —0.297
c_ ¢ —0.387
[ —0.387
c_ ¢ —0.387
c_1 0.254
C__1 0.091
c_cC —0.204
c_( 0.112
c_ (. 0.112
C__( 0.112
C_ ( 0.112
o__C 1.489
o__C 1.489
Cc_cC —0.204
c_ ( 0.112
C__( 0.112
C__C —1.153
(003 0.397
=001 2.454
#000 4.002
NO001 4.674
Cl01 3.526
Br00 1.379
F000 2.458

SMILES = ‘O=C(N(clc(cccc1CC)C)COCC)CCI’; CAS = 34256-82-1
DCW = 17.564.

sence of the attribute; one indicates that the attribute
takes place in each SMILES.

The difference between the mentioned probabilities
(for the training set and the test set) is the measure
of relative prevalence of the attribute in training
and test sets. The average relative prevalence (ARP)
overall the active (not blocked) attributes may be a
criterion for the estimation of split into a training
and a test: the ideal situation is when the difference
is zero:

ARP = (1/Nact) > [Pi(di) — Py(Ay)]

where Nact is the number of active (i.e., not blocked)
SMILES attributes; P(Ay) and P,(Ay) are the proba-
bility of the kth SMILES attribute presence in
SMILES notations in the training and a test sets,
respectively.

If this difference is more than zero then the majority of
attributes is in the training set and thus overtraining
becomes possible. If this difference is less than zero
then deficit of information for this model becomes pos-
sible. This difference is a mathematical function of the
Lim S.

Under such circumstances, one can suppose, that the
test set is adequate (i.e., the test set is a subset of the do-
main of applicability for this SMILES-based model) if
the test set is satisfying the following conditions: (i)
the test set does not contain attributes which are rare
in the training set; (ii) the value of average relative prev-
alence is approximately equals to zero.

Table 4. Bee toxicity values, log(1/C): experimental and calculated with Eq. 2

CAS SMILES DCW Expr Calc Expr — Calc

Training set
34256-82-1 O=C(N(clc(ccecl CC)C)COCC)CCl 17.564 —0.803 0.070 —0.873
116-06-3 O=C(ON=CC(SC)(C)C)NC 26.383 2.825 1.843 0.982
834-12-8 CSclnc(nc(nl)NC(C)C)NCC 21.075 0.357 0.776 —0.419
741-58-2 S=P(OC(C)C)(OC(C)C)SCCNS(=0)(=0)clcccecl 31.600 1.219 2.891 —1.672
68359-37-5 N#CC(clee(c(ecl)F)Ocleccecl ) OC(=0)C1C(C1C=C(CI)CI)(C)C 37.288 4.070 4.034 0.036
314-40-9 O=CIN(C(=0)C(=C(NI1)C)Br)C(CC)C 17.362 0.130 0.029 0.101
1689-84-5 N#Cclce(c(c(c1)Br)O)Br 27.115 1.281 1.990 —0.709
1689-99-2 N#Cclee(e(c(cl)Br)OC(=0)CCCCCCC)Br 26.950 2.304 1.957 0.347
63-25-2 O=C(Oclc2c(cccl)ccec2)NC 27.612 2.190 2.090 0.100
1563-66-2 O=C(Oclccce2c1 OC(C2)(C)C)NC 29.615 3.141 2.492 0.649
5234-68-4 O=C(C1=C(OCCS1)C)Nclcccccl 24.055 0.114 1.375 —1.261
2439-01-2 O=C1Sc2c(nc3c(n2)cce(c3)C)S1 22.858 0.547 1.134 —0.587
54593-83-8 S=P(OC(C(CI)(C)HCHCI)(OCC)OCC 31.546 3.572 2.880 0.692
13121-70-5 O[Sn](C1CCCCCI)(CICCCCCl)cICcceceCl 19.911 1.031 0.542 0.489
1596-84-5 O=C(NN(C)C)CCC(=0)O 17.476 —0.108 0.052 —0.160
52918-63-5 N#CC(clce(cecl)Ocleccecl ) OC(=0)C1C(C1C=C(Br)Br)(C)C 39.938 5.527 4.567 0.960
87674-68-8 O=C(N(clc(scc1 C)C)C(COC)C)CCl 19.660 0.468 0.491 —0.023
60-51-5 S=P(SCC(=0O)NC)(OC)OC 27.994 3.156 2.166 0.990
97886-45-8 O=C(clc(nc(c(c1CC(C)C)C(=0)SC)C(F)(F)F)C(F)F)SC 17.940 0.695 0.146 0.549
563-12-2 S=P(SCSP(=S)(0OCC)OCC)(0OCC)OCC 28.609 1.272 2.290 —1.018
13356-08-6 CC(cleceeel)(C[Sn](O[Sn](CC(clcececl)(C)C) 13.521 —0.578 —0.743 0.165

(CC(clceecel)(C)C)CC(cleceecl) (C)C)(CC(cleeceel)

(C)C)CC(clececel)(C)C)C
66441-23-4 O=C(C(Oclcce(cel)OCI=Nc2ccc(cc201)C)C)OCC 33.137 3.558 3.200 0.358

(continued on next page)
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CAS SMILES DCW Expr Calc Expr — Calc
55-38-9 S=P(Oclcc(c(ccl)SC)C)(OC)OC 30.678 2.956 2.706 0.250
76-87-9 O[Sn](clcececl)(clececel)elcececl 17.955 0.505 0.149 0.356
133-07-3 O=CIN(C(=0)c2clcceec2)SC(CI)(CNHCI 20.692 1.389 0.699 0.690
23422-53-9 O=C(Oclce(ccc)N=CN(C)C)NC 28.619 1.257 2.292 —1.035
58-89-9 CICIC(C(C(C(c1chenenenct 27.080 2.715 1.983 0.732
67485-29-4 FC(cleee(ccl)C=CC(=NN=CINCC(CN1)(C)C) 23.796 0.868 1.323 —0.455
C=Cclccc(ccl)C(F)(F)F)(F)F
121-75-5 S=P(SC(CC(=0)OCC)C(=0)OCC)(OC)OC 32.899 3.218 3.152 0.066
16752-77-5 O=C(ON=C(SC)C)NC 29.161 3.006 2.401 0.605
21087-64-9 O=CIN(C(=ENN=CIC(C)(C)C)SC)N 23.325 0.550 1.228 —0.678
132-66-1 O=C(clc(cccel)C(=0)O)Ncelc2e(ceel )eeee2 19.495 0.442 0.458 —0.016
105827-78-9 [O—]IN+](=O)N=CIN(Cc2ccc(nc2)Cl)CCN1 32.738 3.516 3.120 0.396
23135-22-0 O=C(C(=NOC(=0)NC)SC)N(C)C 21.992 1.327 0.960 0.367
301-12-2 O=P(SCCS(=0)CC)(0C)OC 24.853 1.914 1.535 0.379
56-38-2 S=P(Oclcce(ccl)[N+](=0)[0-])(OCC)OCC 33.052 3.221 3.183 0.038
298-00-0 S=P(Oclcce(cc])[N+](=0)[0-])(OC)OC 33.460 3.375 3.265 0.110
40487-42-1 [O=]IN+](=0)cle(c(ce(cl C)C)N+])(=0)[0O-])NC(CCO)CC 23.636 0.752 1.290 —0.538
13684-63-4 O=C(Nclcc(cecl)C)Oclecee(c1)NC(=0)OC 22.372 0.094 1.036 —0.942
298-02-2 S=P(SCSCC)(0OCC)OCC 28.836 1.413 2.336 -0.923
732-11-6 S=P(SCN1C(=0)c2c(cccec2)C1=0)(0C)OC 31.595 2.476 2.890 -0.414
2312-35-8 C#CCOS(=0)OC1C(0Oc2cce(cc2)C(C)(C)C)CCCCl 29.279 1.369 2.425 —1.056
66841-25-6 N#CC(clee(ceel)Ocleceec] JOC(=0)C1C(C1C(C(Br)(Br)Br)Br)(C)C 36.946 3.712 3.966 —0.254
1582-09-8 [O—]IN+](=0O)clcc(cc(cIN(CCC)CCO)N+](=0)[O-])C(F)(F)F 23.320 1.142 1.227 —0.085
3547-33-9 OCcsccecececececce 18.334 0.525 0.225 0.300
1861-40-1 [O=]IN+](=0)clc(c(ce(cl)C(F)(F)F)[N+])(=0)[0O-])N(CC)CCCC 23.016 1.364 1.166 0.198
52315-07-8 N#CC(clce(cecl)Ocleccecl ) OC(=0)C1C(CIC=C(CHCI)(C)C 39.536 4.258 4.486 —0.228
149877-41-8 O=C(NNclcc(cec1OC)cleccec ) OC(C)C 21.391 1.586 0.839 0.747
122453-73-0 N#Ccle(n(c(c1Br)C(F)(F)F)COCC)clcee(cel)Cl 36.384 3.531 3.853 -0.322
95266-40-3 O=CI1C(=C(C2CC2)0)C(=0)CC(C1)C(=0)OCC 21.734 0.730 0.908 -0.178
91465-08-6 N#CC(clceee(cl)Ocleccecl ) OC(=0)C1C(C1C=C(C(F)(F)F)CI)(C)C 37.844 4.073 4.146 —0.073
82-68-8 [O=]IN+](=O0)cle(c(c(c(c1CHCHCHCHCI 33.839 3.470 3.341 0.129
23103-98-2 O=C(Oclnc(nc(c1C)C)N(C)C)N(C)C 20.401 1.105 0.640 0.465
29232-93-7 S=P(Oclnc(nc(c1)C)N(CC)CC)(OC)OC 30.276 2.894 2.625 0.269
23031-36-9 C#HCCC1=C(C(OC(=0)C2C(C2C=C(C)C)(C)C)CCI=0)C 32.456 4.031 3.063 0.968
96489-71-3 O=CIN(N=CC(=CICl)SCclccc(ccl)C(C)(C)C)C(C)(C)C 39.318 4.182 4.443 —0.261
94-82-6 O=C(0)CCCOclc(cc(ccl)CHCI 25.404 1.235 1.646 —0.411
86-50-0 S=P(SCN1N=Nc2¢(cccc2)C1=0)(0C)OC 27.598 2.878 2.087 0.791
1897-45-6 N#Cclc(c(c(c(c1CH)CE#N)CHCICI 22.987 0.166 1.160 —0.994
333-41-5 S=P(Oclnc(nc(c1)C)C(C)C)(OCC)OCC 29.932 3.182 2.556 0.626
957-51-7 O=C(C(clecceel)cleceec)N(C)C 17.601 —1.007 0.077 —1.084
115-29-7 O=S10CC2C(C3(C(C2(C(=C3CHCHCH(CHCHCHCO1 32.457 1.956 3.063 —1.107
16672-87-0 O=P(CCCI)(O)O 21.409 1.077 0.843 0.234
22224-92-6 O=P(NC(C)C)(Oclcc(c(ccl)SC)C)OCC 30.881 2.210 2.747 —0.537
77182-82-2 O=P(CCC(C(=0)0O)N)(O)C 20.874 —0.241 0.735 —0.976
2032-65-7 O=C(Oclce(c(c(cl)C)SC)C)NC 24.905 2.779 1.546 1.233
13171-21-6 O=P(OC(=C(C(=0)N(CC)CC)CI)C)(OC)OC 25.786 2.312 1.723 0.589
1918-02-1 O=C(clc(c(c(c(n1)CHCHN)CHO 21.570 1.221 0.875 0.346
22248-79-9 O=P(OC(=CCl)clc(cc(c(c1)CHCHC)(OC)OC 25.383 2.427 1.642 0.785
7696-12-0 O=CIN(C(=0)C2=C1CCCC2)COC(=0)CIC(CIC=C(C)C)(C)C 33.738 3.330 3.321 0.009
51630-58-1 N#CC(clce(cecl)Ocleccec] ) OC(=0)C(clece(ccl)CHC(C)C 28.987 3.010 2.366 0.644
10265-92-6 O=P(SC)(N)OC 25.429 2.013 1.651 0.362
52-68-6 O=P(C(C(CI)(CHCHO)(OC)OC 26.801 0.634 1.927 —1.293
2008-41-5 O=C(N(CC(C)C)CC(C)C)SCC 19.661 0.875 0.491 0.384
7786-34-7 O=P(OC(=CC(=0)O0C)C)(0OC)OC 30.261 3.505 2.622 0.883
584-79-2 O=C(C1C(C1C=C(C)C)(C)C)OCIC(=C(C(=0)CHCC=C)C 30.072 1.949 2.584 —0.635
1076-46-6 O=C(clc(c(cc(cl)CHN)CHO 21.238 1.187 0.808 0.379
85-00-7 clc[n+]2c(c3[n+]1ccec3)cece2 17.718 0.537 0.101 0.436
26002-80-2 O=C(C1C(C1C=C(C)C)(C)C)OCclccec(cl)Oclceccel 34.061 3.719 3.386 0.333
140-56-7 O=S(=0)(N=Nclccc(cc])N(C)C)O 17.884 0.391 0.134 0.257
173584-44-6 O=C(NIN=C2C(OCI)(Cclce(cccl2)Cl) 33.200 3.467 3.213 0.254
C(=0)OC)N(clcee(cel JOC(F)(F)F)C(=0)OC
150-68-5 O=C(Nclcce(cel)CI)N(C)C 16.527 0.257 —0.138 0.395
142-59-6 S=C(S)NCCNC(=S)S 24.824 1.326 1.529 —0.203
52645-53-1 O=C(C1C(C1C=C(CI)CI)(C)C)OCclecce(cl)Ocleceeel 37.792 4212 4.136 0.076
76578-14-8 O=C(C(Oclcec(cel)Oclnec2eec(cc2nel )CI)C)OCC 27.106 0.873 1.988 —1.115
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Table 4 (continued)

CAS SMILES DCW Expr Calc Expr — Calc

Test set
90982-32-4 O=S(=0)(clc(ccccl)C(=0)OCC)NC(=0)Nclnc(ce(nl)C)OC 20.877 1.521 0.736 0.785
62-73-7 O=P(OC=C(CI)CI)(OC)OC 30.331 2.645 2.636 0.009
60-57-1 CICI2C(C(C3C2C2C4C(04)C3C2)(C(=CIChH NI (ChHC 35.346 3.438 3.644 —0.206
330-54-1 O=C(Nclcc(c(ccl)CHCHN(C)C 19.419 0.206 0.443 —0.237
2439-10-3 N=C(NCCCCCCCCCCCC)N 20.072 1.376 0.574 0.802
72-20-8 CICI2C(C(C3C2C2C4C(04)C3C2)(C(=CIChHChHCI(CHC 35.346 2.275 3.644 —1.369
2104-64-5 S=P(clccccel)(Ocleec(ccl)[N+](=0)[0-])OCC 31.185 3.121 2.808 0.313
55283-68-6 [O—=]IN+](=O)clcc(cc(cIN(CC(=C)C)CO)N+](=0)[O-]C(F)(F)F 21.055 0.815 0.772 0.043
41198-08-7 O=P(Oclccc(ccl1 C)Br)(SCCC)OCC 32.010 3.595 2.974 0.621
1610-18-0 COclnc(ne(nl)NC(C)C)NC(C)C 26.986 0.797 1.964 —1.167
7287-19-6 CSclnc(nc(nl)NC(C)C)NC(C)C 21.896 0.397 0.941 —0.544
74051-80-2 O=C1C(=C(CC(C1)CC(SCC)C)O)C(=NOCC)CCC 24.656 1.515 1.495 0.020
131929-60-7 O=C1C2=CC3C(C2CC(=0)0OC(CCCC(C1C)OCIO0C 47.049 5.402 5.996 —0.594

(C(CCI)N(C)C)C)CO)C= CC1C3CC(C1)

OC1C(C(C(C(01)C)0C)0C)0C
137-26-8 S=C(SSC(=S)N(C)C)N(C)C 17.772 0.512 0.112 0.400
21725-46-2 N#CC(Nclnc(ne(nl)NCC)CI)(C)C 17.895 0.095 0.136 —0.041
127-20-8 O=C(C(CI)(C1)C)O 21.142 0.834 0.789 0.045
79277-27-3 O=S(=0)(clc(scc])C(=0)OC)NC(=0O)Nclnc(nc(nl)OC)C 23.692 1.491 1.302 0.189
101200-48-0 O=S(=0)(clccccc] C(=O)OC)NC(=O0)N(clnc(nc(nl)C)OC)C 22.453 0.597 1.053 —0.456
83055-99-6 O=C(clc(cccel)CS(=0)(=0)NC(=0)Nclnc(cc(n1)OC)OC)OC 21.738 1.516 0.909 0.607
72-43-5 CIC(C(cleec(ccl)OC)cleec(ccl)OC)(CNHCl 19.209 1.166 0.401 0.765
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