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Fragmental descriptors in QSPR: flash point calculations
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Flash points of various classes of organic compounds were first studied using the fragmental
approach in the framework of QSPR methodology. Fragmental descriptor based regression and
neural network models for flash point prediction are proposed.
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The flash point (77) is an important characteristic of
the flammability properties of organic substances, espe-
cially liquids and low-melting compounds.!—3 This pa-
rameter gives the knowledge necessary for understanding
the fundamental physical and chemical processes of com-
bustion. Moreover, it is of practical importance for chemi-
cal industry, because it characterizes the extent of safety
in handling and transporting a given compound. The flash
point is defined as the lowest temperature at which a
substance can be ignited in air with an initiator.1—3

A number of reliable experimental methods for deter-
mining 7; values have been elaborated (e.g., the open
cup and closed cup methods!:3) with an accuracy of
+(5—8) °C Land £10 °C.23 The T; values are known for
many compounds;3 however, they are not reported in the
literature even for industrially important compounds and
the corresponding reference sources are also often not
provided. What is more, for toxic, volatile, explosive, and
radioactive compounds the experimental determination
of T values is often difficult. Hence the development of

theoretical methods for evaluating the flash points is
needed. Various schemes for 7} calculations were pro-
posed, including the QSPR methodology.?3

Earlier,4—15 we have pointed out the advantages of the
fragmental approach and widely used the fragmental de-
scriptors for prediction of the physicochemical character-
istics of various classes of organic compounds, including
the chromatographic retention indices, ! boiling points, 1!
and molecular polarizabilities.!3 In this work we report on
the applicability of the fragmental approach to QSPR
studies of flash points.

Calculation Procedure and Database Creation

All calculations were carried out using the QSAR/QSPR
program package EMMA, 4—11 the NASAWIN neural net-
work program package,14—1% and the modified version of the
FRAGMENT subroutine, which allows a large number of frag-
ment types to be taken into account and provides tools for flex-
ible classification of atoms%29—25 (the FRAGMENT module
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Table 1. Experimental flash points (7{**P) of the compounds from Databases 7 and 2, which differ by more than 10 °C, and predicted
values (77") obtained using the nine fragmental descriptor based models for Databases / (model 1), 14 (model 2), 2 (model 3),
2A4 (model 4), 3 (model 6), and 34 (model 7)

Compound TExe/oC ATEXP/oC* TPr/°C

Data- Data- Data- Data- Data- Data- Data- Data-

base / base 2 base / base 14 base 2 base 24 base 3 base 34
Ethyl methyl ether —-37.2 -9 —28.2 -35.7 -32.7 —41.7 —41.5 —-33.3 -33.5
Isopropylamine —-17 -37 20 -9.0 -8.7 -27.1 —14.0 —-8.5 -7.9
Methacrolein -15 0 -15 —-15.7 —14.1 -8.5 —18.4 —234 -23.7
Diethylamine -23 -39 16 8.0 11.2 —13.6 —15.0 7.0 7.7
2-Methylbutan-2-ol 41 20 21 30.0 29.2 35.0 38.1 32.8 32.7
Hexan-2-one 35 23 12 28.2 33.6 24.3 23.7 26.3 26.4
Dipropyl ether 21.1 -28 49.1 5.9 10.6 -1.0 -1.2 5.5 5.2
Dipropylamine 17 3 14 344 37.9 13.6 11.9 32.9 33.5
Ethylcyclohexane 35 18 17 14.6 9.3 19.6 17.6 18.3 17.8
Hexan-2-ol 57.6 41 16.6 51.8 51.2 55.7 56.9 53.4 53.1
Ethyl vinyl ether —18 —45 27 —13.8 -10.7 -32.5 -30.8 —26.0 —-26.4
Benzyl acetate 90.6 102 —11.4 98.7 91.2 80.3 83.3 94.6 94.5

Note. The mean deviation of the predicted values from the experimental data for Database / (Database 2) is 12.3 (20.6), 12.0 (22.8),

11.3 (15.1), 10.0 (16.8), 12.1 (20.1), and 12.4 (27.4) °C for models 1, 2, 3, 4, 6, and 7, respectively.

* Difference between Databases / and 2.

was incorporated into the EMMA and NASAWIN programs).
Databases were created using the MEOW and BASTET pro-
grams* developed for correcting the QSAR structural databases,
including the manual input, sorting, and search for duplicates.
These programs are convenient for joint use with the QSAR
program packages EMMA and NASAWIN. The structural data-
bases can be automatically converted into various file formats
including the sdf format.

The starting point was database analysis and correction. First,
using the available data,? we created a Database /, which con-
tained a total of 400 structures (acyclic, cyclic, and aro-
matic hydrocarbons; halogen-containing compounds; alcohols;
phenols; ethers and esters; aldehydes, ketones; carboxylic acids;
amines; nitriles; isocyanates; nitro derivatives; amides; and sul-
fur-containing compounds). A thorough comparative study of
Database I revealed a set of erroneous data: (i) a strongly under-
estimated T; of —19 °C for octanoic (caprylic) acid (compound
No. 160 in the test set, see Ref. 2; ¢f. +85 °C for homologous
valeric acid), (ii) a strongly overestimated 7} of 110 °C for me-
thyl formate (compound No. 161 in the training set, see Ref. 2;
¢f. —10.0 °C for a homologue, methyl acetate), and (iii) a too
low flash point of 16 °C for nonadecane (c¢f. 168 °C in Ref. 3).
Therefore, we excluded caprylic acid and methyl formate from
Database / and corrected the data for nonadecane. Thus, the
Database / contained a total of 398 compounds. In addition, a
Database 14 was created by excluding the data for a group of
twelve compounds listed in Table 1 from Database / and by
somewhat "modifying” the T} values for a set of twenty com-
pounds (the principles we were guided by are discussed below
taking the data for Database 34 as an example).

Second, we used the published data3 to create the Data-
base 2, which contained a total of 271 compounds belonging to

*The MEOW and BASTET programs and the databases are
available on request.

various classes of organic compounds. Analysis of the available
data (see Table 1 in Ref. 3; the T} values were converted into
Celsius degrees) using the BASTET program revealed the fol-
lowing pairs of duplicates: structure Nos. 8 and 14, 143 and 163,
and 100 and 235. In a private communication the authors of
Ref. 3 confirmed the correctness of structure No. 8§ and noted
that structure No. 14 must correspond to a formula of ethyl
methyl ether. The structure No. 163 was excluded. Besides, two
structures (No. 100 and No. 235) corresponding to ethyl bu-
tyrate were characterized by different 7} values (26 and 19 °C,
respectively). The structure No. 235 was excluded from the da-
tabase, because this compound is characterized by a flash point
of 24 °C in Database /. As a result, the number of structures in
Database 2 decreased from 271 to 269. In addition, we created a
Database 24 by excluding the data for a total of twelve com-
pounds listed in Table 1 from Database 2 (the principles we were
guided by are discussed below taking the data for Database 34 as
an example).

Third, in order to extend the experimental data set and to
check it for mutual consistency, we used the BASTET program
to create a Database 3, which combined the data of Databases /
and 2. Then, the duplicate structures characterized by the same
experimental values were excluded. If the T} values for the du-
plicate structures were different, preference was given to the
data of Database /. Stereoisomeric structures were retained.
Thus, the Database 3 comprised the data listed in Refs. 2 and 3
and contained a total of 525 structures.

Content analysis of Database 3 revealed a total of eighty
duplicate structures characterized by (sometimes, significantly)
different experimental values in Databases / and 2. The experi-
mental data were determined to an accuracy of +5°C1! or
8—12 °C.2:3 Therefore, we created a Database 34 with the fol-
lowing principles in mind: (i) if the data in Refs. 2 and 3 (in
Databases / and 2, respectively) differed by at most 5 °C, the
experimental value from Database / was used (for a total of
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48 compounds) and (ii) if the difference was 5 to 10 °C, the
arithmetic mean of the values from Databases / and 2 was used
(for a group of 20 compounds). However, for a set of 12 com-
pounds the difference exceeded 10 °C (see Table 1). Since in
this case it was impossible to assess the quality (reliability) of the
experimental values, these structures were excluded from Data-
base 34. Thus, the Database 34 represented a corrected com-
bined set of published data?:3 and contained a total of 513 struc-
tures.

Results and Discussion

First of all, the results of the early QSPR studies?3
should be analyzed. This is necessary for comparing them
with our results. In particular, a partial least squares (PLS)
model and a neural network model for calculating the
flash points were obtained.? In the latter case, the stan-
dard deviations (s) obtained using the model based on
twenty-five descriptors characterizing the contributions
of various types of atoms and functional groups were
10.8 °C for the training set (135 compounds), 14.1 °C for
the test set (133 compounds), and 14.3 °C for the valida-
tion set (132 compounds). The PLS results were much
worse, namely, the corresponding s values were 21, 25,

Table 2. Statistical parameters (correlation coefficient (r), stan

and 23 °C. Noteworthy is that the PLS plot exhibited a
remarkable curvature in the low temperature region, which
may be indicative of some nonlinear dependence.

Analysis of flash points using the CODESSA program
allowed one to construct a three-parameter model with
the following statistical characteristics: square of correla-
tion coefficient, 2 = 0.9020; square of cross-validated
correlation coefficient, r%,, = 0.8985; the Fisher test
F=820, and s = 16.1.3 It is noteworthy that good correla-
tions were found when using either the experimental or
calculated boiling points as descriptors. Yet another in-
teresting feature is the presence of a rather large number
of "out-lying" compounds ("outliers;" especially, small
molecules) despite a satisfactory overall statistics.

The first step of our study was to reproduce the results
obtained in Ref. 2 using the fragmental approach and the
same training and test sets. The linear regression models
constructed for Databases I and /A4 using the stepwise
inclusion of the calculated fragmental descriptors are listed
in Table 2 (models 1 and 2, respectively). The statistical
characteristics of the nine-descriptor model 1 are compa-
rable with the parameters of the PLS model (mean abso-
lute error was 20.6 °C for the training set and 23.3 °C for

dard deviation (s), and Fisher test (F)) for the fragmental

descriptor based linear regression QSPR models constructed for Databases 1, 14, 2, and 24

Parameter Number of descriptors
1 2 3 4 5 6 7 8 9
Model 1, Database 1
Training set (compounds 1—266)
r? 0.6075 0.7155 0.7762 0.8095 0.8246 0.8405 0.8524 0.8656 0.8724
s 32.5 27.7 24.6 22.8 21.9 20.1 20.1 19.3 18.8
F 409 331 303 277 245 227 213 207 195
Maximum 119.0 117.2 83.3 79.2 78.1 77.6 76.3 73.0 73.9
error*/°C (122) (244) (81) (244) (244) (244) (244) (214) (214)
Test set (compounds 267—398)
72 for prediction 0.6130 0.7122 0.7442 0.7561 0.7534 0.7737 0.7980 0.8307 0.8334
Average error 24.9 21.6 20.5 19.4 19.5 18.3 17.5 15.3 15.2
of prediction/°C
Maximum error 97.0 73.2 59.2 65.8 66.9 69.4 67.7 66.8 64.2
of prediction*/°C (381) (347) (372) (397) (397) (397) (397) (397) (299)
Model 2, Database 14
Training set (compounds 1—266)**
r? 0.5958 0.7077 0.7732 0.8082 0.8235 0.8399 0.8524 0.8643 0.8712
s 32.8 28.1 24.8 22.8 21.9 20.9 20.2 19.4 18.9
F 382 308 287 265 234 219 205 197 186
Maximum 119.0 117.2 83.3 79.2 78.1 75.5 74.3 71.8 72.9
error*/°C (122) (244) (81) (244) (244) (244) (244) (214) (244)
Test set (compounds 267—398)
2 for prediction 0.6094 0.7082 0.7402 0.7527 0.7500 0.7706 0.7933 0.8264 0.8292
Average error 25.1 21.8 20.70 19.6 19.7 18.5 17.7 15.6 15.3
of prediction/°C
Maximum error 97.0 73.2 59.2 65.8 66.9 68.8 67.4 66.6 59.7
of prediction*/°C (381) (347) (372) (397) (397) (397) (397) (397) (397)

(to be continued)
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Table 2 (continued)
Parameter Number of descriptors
1 2 3 4 5 6 7 8 9
Model 3, Database 2
Training set (compounds 1—269)
r? 0.5414 0.7964 0.8439 0.8694 0.8847 0.8983 0.9128 0.9237 0.9317
s 34.8 23.3 20.4 18.7 17.6 16.6 15.4 14.4 13.7
F 315 520 478 439 404 386 390 394 392
Maximum 131.6 132.3 115.2 72.2 72.4 69.6 68.4 72.2 55.9
error*/°C (197) (82) (82) (82) (82) (82) (191) (82) (191)
Model 4, Database 24
Training set (compounds 1—269)**
r2 0.5354 0.7983 0.8471 0.8765 0.8924 0.9113 0.9255 0.9317 0.9352
s 35.2 23.2 20.2 18.2 17.0 15.5 14.2 13.7 13.3
F 294 503 467 447 416 428 442 423 396
Maximum 130.6 132.0 69.0 67.0 63.9 69.1 66.9 53.0 53.2
error*/°C (197) (82) (82) (82) (82) (191) (82) (191) (191)
Model 5, Database 2
Training set (179 compounds)
r? 0.5169 0.7768 0.8340 0.8603 0.8823 0.8974 0.9085 0.9136 0.9195
s 35.4 24.2 20.9 19.2 17.7 16.6 15.7 15.3 14.8
F 189 306 293 268 259 251 243 225 214
Maximum 132.2 132.1 71.7 73.7 69.7 69.6 49.2 51.9 52.3
error*/°C (196) (82) (82) (82) (82) (82) (190) (190) (190)
Test set (89 compounds)***
72 for prediction 0.5867 0.8316 0.8414 0.8598 0.8949 0.8929 0.9007 0.9184 0.9314
Average error 27.1 17.2 16.4 15.0 13.2 13.0 11.7 11.0 9.9
of prediction/°C
Maximum error 109.3 59.1 50.3 52.2 48.5 48.6 47.2 45.7 45.4
of prediction*/°C (240) (120) 45) (198) (84) (186) (186) (186) (186)

Note. Descriptors 1—9 for model 1 are as follows: an "arbitrary atom," OH, N, "a chain of three arbitrary atoms linked by
simple bonds,” C—S, C—C—C—Hal, C—C=0, Me, C,,H+C, H+C,R+C,H (= is an aromatic bond); for model 2: an
"arbitrary atom,” OH, N, "a chain of three arbitrary atoms linked by simple bonds," C—S, C—C—C—Hal, C—C=0, Me,
—O—CR=0; for model 3: an "arbitrary atom," OH, N, Me, CH,=CHR, C—C=0, C—Hal, RC,,, C—C—N; for model 4: an
"arbitrary atom,” OH, N, Me, C—Hal, C—C=0, Cp=C+Cy+Cx+Cp;, Cip3—N, =CH,; and for model 5: an "arbitrary
atom,"” OH, N, "two arbitrary atoms linked by a simple bond," C—Hal, CR,=0, Csp3—N, Me, and CH,=CH—.

* The number of compound in the corresponding database is given in parentheses.

** Twelve compounds were excluded.
*** Each third compound.

the test set).2 The QSPR equation for calculating 7} val-
ues has the form

Tedle = —0.826 + 0.2857, + 0.497f, + 0.151f; — 6.718f, +
+0.208f5 + 0.130f; — 1.87f, + 4.50% + 0.369f, (1)

and is characterized by 2 = 0.8724, s = 18.8, and F= 195
for n = 266. The mean absolute error of prediction was
15.2 °C and the maximum error was 73.9 °C. In Eq. (1),
the descriptors f; denote the number of atoms or particu-
lar types of molecular fragments, namely, the N atoms
(f1), the OH groups (f,), arbitrary atoms (f3), the Me (f3),
C—S (f5), and C—C=0 (fy) groups, a chain of three
arbitrary atoms linked by simple bonds (f;), and the
CoH+Cy\ H+=C R+C4 H (fg; + is an aromatic bond)
and C—C—C—Hal (/) fragments.

An increase in the number of fragmental descriptors to
25 allows the linear regression model to be improved to
nearly compete with the neural network model.2 The de-
scriptors used were the number of halogen, nitrogen, oxy-
gen, and sulfur atoms and the number of di- and triatomic
fragments containing different (double, triple, and aro-
matic) bonds, that is, the I (f]), F (f5), Br (f3), S (f2),
and N (fs) atoms, the OH group (f¢), an arbitrary
atom (f7), the C=0 (f3), MeNR, (f;), CH,Hal (f),
=CR—NHR (f};), =CR—OH (/f},), and Me—Cy; (fi3)
groups, and the HC,, +C, R+C,, (fi14), C—C=0 (fi5),
=CR—C3—Cl (f4), CH,—CH,—C=(/f}7), C—C;3—Cl
(fig)s =C—Car+Car—OH (fiy), C—C—C—N (fy),
Car #Car+Car 7CoA—N (1), C—C—-C—5—-C (),
C—C—C—C—C—0 (f33), MeCy(+CyH); (f24), and
Hal—C(—C), (f55) fragments. Figure 1 presents the cor-
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Fig. 1. Correlation between the calculated (7;4°) and experi-
mental (77°*P) flash point values obtained for the training set (a)
and the test set (b) of compounds from Database I using the
twenty-five fragmental descriptor based linear regression model.

relation between the calculated and experimental 7 val-
ues obtained for the training set and for the test set of
compounds from Database I using the twenty-five frag-
mental descriptor based model (#2 = 0.9557; s = 11.4;
F=199; the average error of prediction was 11.8 °C, the
RMS error for the training set (RMS,;) was 10.9 °C; and
the RMS error of prediction (RMS,) was 15.8 °C).

The largest errors of prediction (in °C) were obtained
for 2-phenylphenol (36.8), fluorobenzene (33.1), do-
decane-1-thiol (30.4) (training set) and for p-nonylphenol
(53.5), ethyl cyanoacetate (52.6), and anthracene (49.3)
(test set).

A decrease in the number of compounds in Database /
due to the exclusion of twelve structures insignifi-
cantly deteriorates the quality of the models constructed
for Database 14 (¢f. models 1 and 2 in Table 2). Here,
the descriptors used in the models are by and large
identical in nature, except for replacement of the
CoH+Cy H+C, R+C, H fragment by the —O—CR=0
fragment.

Then, we used the fragmental approach to construct
models for Databases 2 and 24 (see Table 2, models 3
and 4, respectively). As earlier,3 the models obtained us-
ing the training set, which contained all compounds from
Database 2, were as good as the models 1 and 2 and had
better statistical characteristics than the model from Ref. 3
(see above). For instance, the statistical characteristics of
the twenty-five descriptor model constructed for Data-
base 2 are as follows: 2 = 0.9566, s = 11.2, F = 206, and
RMS,, =10.7 °C.

In contrast to the above-mentioned sets of compounds
(Databases I and 14), the exclusion of twelve compounds
from Database 2 somewhat improves the parameters of
the corresponding models (¢f. models 3 and 4 in Table 2).
The fragments in the descriptor sets used in these models

are also different. Probably, in this case the quality of
QSPR models is determined by the accuracy of determi-
nation of experimental data for the structures from this
database, so a simple increase in the number of noisy data
does not improve the QSPR model.

The predictive power of the QSPR model for Data-
base 2 was assessed taking the training (179 compounds)
and test (89 compounds) sets as examples. The nine-
descriptor model had a rather high predictive power,
r2pr = 0.9315, the mean absolute error of prediction was
9.9 °C (see Table 2, model 5).

It was also of interest to consider the results of predic-
tion of T;values for the compounds listed in Table 1. First
of all, two predictions were made, using the nine-descrip-
tor models 1 and 2 (see Table 2, the models for Data-
bases 7 and 1A, respectively). These results are also listed
in Table 1, from which it follows that the mean deviation
of the T;values predicted using model 1 from the experi-
mental data for Database 1, is 12.3 °C, which is smaller
than the difference between the predicted and experi-
mental values for Database 2 (on the average, 20.6 °C).
However, it should be noted that this is not necessarily
true and, moreover, the predicted value often lies be-
tween two different experimental values.

Prediction based on model 2 (a true prediction, be-
cause this model was constructed using Database /4) gave
a value of 12.0 °C for the mean deviation of the predicted
values from the experimental data for Database 1. This is
much smaller than the difference between the predicted
values and experimental data for Database 2 (on the aver-
age, 22.8 °C).

Thus, the results of the predictions carried out for the
compounds listed in Table 1 using Databases / and 14 are
in better agreement with the data of Database I. This
brings up the question concerning the results of the pre-
dictions made using Databases 2 and 24. Two predictions
were made taking the nine fragmental descriptor based
models 3 and 4 (see Table 2, the models for Databases 2
and 24, respectively) as examples. The results obtained
are also listed in Table 1. As can be seen, the mean devia-
tion of the values obtained using model 2 from the ex-
perimental data for Database [ is 11.3 °C, which is
smaller than the difference between the calculated values
and experimental data in Database 2 (on the aver-
age, 15.1°C).

For the prediction made using model 4 (note that this
is a true prediction, because model 4 was constructed
using Database 24), the mean deviation of the calculated
values from the experimental data in the two above-men-
tioned databases even more increases and becomes equal
to 10.0 °C for Database I, which, again, is much smaller
than for Database 2 (on the average, 16.8 °C).

By and large, the data set provided by Database 1
seems to be the most appropriate for making predictions
for the compounds listed in Table 1 despite the presence
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Table 3. Statistical parameters (correlation coefficient (r), standard deviation (s), and Fisher test (F)) for the fragmental
descriptor based linear regression QSPR models constructed for Databases 3 and 34

Parameter Number of descriptors
1 2 3 4 5 6 7 8 9
Model 6, Database 3
Training set (compounds 1—266 and 399—525)
r? 0.5634 0.7309 07956 0.8271 0.8439 0.8619 0.8720 0.8801 0.8884
s 35.6 27.9 24.5 22.5 21.4 20.2 19.4 18.8 18.2
F 504 529 493 453 409 392 375 352 339
Maximum 119.0 117.2 83.3 79.2 78.1 77.6 82.7 83.0 75.7
error*/°C (122) (244) 81) (244) (244) (244) (214) (214) (214)
Test set (compounds 267—398)
2 for prediction 0.6092 0.7017 0.7269 0.7834 0.7968 0.8021 0.8081 0.8272 0.8502
Average error 27.9 21.5 19 18 17.3 17 16.9 15.9 14.5
of prediction/°C
Maximum error 97.0 73.2 59.2 65.8 66.9 69.4 63.4 64.1 61.5
of prediction*/°C (381) (347) (372) (397) (397) (397) (347) (397) (397)
Model 7, Database 34
Training set (compounds 1—266 and 399—525)**
r? 0.5589 0.7269 0.7956 0.8271 0.8439 0.8619 0.8713 0.8796 0.8883
s 35.9 28.3 24.5 22.5 21.4 20.2 19.5 18.9 18.2
F 484 507 493 453 409 392 363 342 330
Maximum 119.0 117.2 83.3 79.2 78.1 77.6 76.3 73.0 61.2
error*/°C (122) (244) 81) (244) (244) (244) (244) (214) (214)
Test set (compounds 267—398)
72 for prediction 0.6050 0.6979 0.7269 0.7834 0.7968 0.8021 0.8051 0.8249 0.8469
Average error 24.9 21.7 21.1 18 17.3 17 17 16.1 14.7
of prediction/°C
Maximum error 97.0 73.2 59.2 66.9 69.4 67.7 66.8 64.2
of prediction*/°C (381) (347) (372) (397) (397) (397) (397) (397) (299)
Note. Descriptors 1—9 for models 6 and 7 are as follows: an "arbitrary atom,” OH, N, Me, =CH,, Csp3—Csp3, S, C—C—Hal,
and Cg3—C=0.

* The number of compound in the corresponding database is given in parentheses.

** Twelve compounds were excluded.

of some "outliers" due to insufficient accuracy of experi-
mental determination of T} values.

The influence of the set quality and size on the statisti-
cal characteristics of the QSPR models for flash point
calculations can also be assessed by comparing the pa-
rameters of the regression models constructed for Data-
bases 3 and 34 (Table 3, models 6 and 7, respectively) and
the above-mentioned models for Databases 7 and 2 (see
Table 2, models 1, 3, and 5). In the case of Databases /
(n = 266) and 3 (n = 392), an increase in the number of
structures in the set does not improve the model, as could
be expected from general considerations (¢f/. model 1 in
Table 2 and model 6 in Table 3). A similar situation was
described above for Databases 2 and 24.

Exclusion of twelve structures from Database 3 causes
no significant changes in the parameters of the models
obtained for Database 34 (¢f. models 6 and 7). The statis-
tical characteristics of the best model constructed for Da-
tabase 34 using a set of fifteen descriptors (72 = 0.9241,
s = 15.2, F = 279, the average error of prediction was

11.9°C, RMS;, = 14.8°C, and RMS,, = 15.5°C) are
worse than those of the best regression model obtained for
Database 1 (see above). The largest absolute errors of T
prediction (in °C) were obtained for the following com-
pounds of the training set: 4-methylpentan-2-one (73.9),
2-propenal (62.5), nitroethane (62.1) and 3-methylbut-
1-ene (50.8) and for the following compounds of the test
set: isobutylaldehyde (56.3), allyl acetate (49.1) and dibu-
tyl sulfide (46.8).

Thus, in this case the statistical characteristics of the
regression models are to a great extent determined by not
only the sample size (common situation in QSPR studies)
but also the accuracy of determination of the experimen-
tal data for the structure set under study.

Next, we used an artificial neural network (ANN)26 to
construct "structure—flash point" models using the frag-
mental approach. A three-layer, feed-forward backpropa-
gation neural network implemented in the NASAWIN
program package?’” was employed. The input layer of the
network contained twenty-five or fifteen neurons and one
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Fig. 2. Correlation between the calculated (7(4°) and experi-
mental (77°*P) flash point values obtained for the training set (a)
and the test set (b) of compounds from Database I using the
twenty-five fragmental descriptor based neural network model.

bias pseudoneuron to match the number of descriptors
that were pre-selected using the stepwise linear regression
analysis. The hidden layer contained two neurons, be-
cause a larger number of neurons leads to strong "over-
training" of this database, while the model constructed
with a smaller number of neurons is in essence identical

chal(:/oc
200 | a
100 |
1 . 1
—100 * 100 200  TFE¥P/C
—100
b
200
100
w2RFe 200 TEP/°C
—100 |

Fig. 3. Correlation between the calculated (7}€2°) and experi-
mental (77*P) flash point values obtained for the training set (a)
and the test set (b) of compounds from Database 34 using the
fifteen fragmental descriptor based neural network model.

to the linear regression models. The output layer con-
tained one neuron, which corresponded to one property
to be predicted. The generalized delta rule?® was used as
the learning algorithm. The learning constant and mo-
mentum were equal to 0.25 of 0.9, respectively. The train-
ing process was stopped after reaching the smallest error
of prediction using the test set.

As a result, we obtained two neural network models
with better predictive power as compared to both the
corresponding linear regression models (see above) and
the neural network models reported in the literature.2 The
twenty-five fragmental descriptor based neural network
model obtained for Database I has the following statisti-
cal characteristics: 72 = 0.9590 and RMS,, = 14.6°C
(cf. 15.8 °C for the corresponding linear model constructed
using the same descriptors). The parameters of the fif-
teen-descriptor neural network model obtained for Data-
base 34 are 2 = 0.9343 and RMS,,, = 14.0 °C (¢f. 15.5°C
for the corresponding linear model). Figures 2 and 3
present the correlations between the calculated and ex-
perimental flash point values for the training sets (a) and
test sets (b), which were obtained using the neural net-
work models constructed for Databases / and 2, respec-
tively.

Thus, we constructed a number of fragmental descrip-
tor based linear regression and neural network models,
which can predict the flash points with an accuracy, which
can sometimes approach the accuracy of experimental
flash point determination.
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