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Abstract

A 2D image approach has been used to predict '*C NMR chemical shifts of B-naphthalene derivatives. In multivariate image
analysis-Quantitative structure property relationship (MIA-QSPR) study, descriptors correlating with dependent variable
are pixels (binaries) of 2D chemical structures; Variant pixels in the structures (substitutes) account to explained variance
in the property (chemical shifts). A case study is carried out in order to predict *3C NMR chemical shifts of 10 carbon
positions of 24 mono substituted B-naphthalenes. The resulted descriptors were subjected to principal component analysis
(PCA) and the most significant principal components (PCs) were extracted. Then, MIA-QSPR modeling was done by
means of principal component regression (PCR) and principal component —artificial neural network (PC-ANN) methods.
A correlation ranking procedure is proposed here to select the most relevant set of PCs as inputs for PCR and PC-ANN
modeling methods. Here, the 13C chemical shifts of studied compounds were predicted using density functional theory
(DFT) calculations, too. The widely applied method of gauge included atomic orbital (GIAO) B3LYP/6-311++ G have
been used. The performance of the GIAO was also compared with PCR and PC-ANN models. Results showed the
superiority of the PC-ANN over GIAO and PCR models. Finally, 13C NMR chemical shifts of studied compounds were
calculated using ChemDraw program.
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1. INTRODUCTION

Nuclear magnetic resonance (NMR) spectroscopy
is undoubtedly one of the most important methods
for elucidating complicated structures and
processes, including structural configuration [1-2],
reaction  mechanisms, dynamic  processes,
chemical equilibrium and even three-dimensional
structures of protein molecules in aqueous solution
[3]. However, it is commonly not enough to obtain
all structural parameters from experiments, due to
the diverse natures of the structures and
reactivities. Various different approaches have
been developed and tested for chemical shift
calculation, however, the most widely used
technique is the Gauge Including Atomic Orbital
(GIAO), calculation of NMR chemical shifts at the
Density Functional Theory (DFT) B3LYP (Becke-
3-Lee-Yang-Par) 6-311+G(2d,p) level which is
suitable for organic molecules of medium size with
a molecular weight usually less than 1000.
Relatively accurate values of *H chemical shifts
can be achieved using this technique, but
predictions of 3C chemical shifts are rather poor
and do not always allow unambiguous solution of
stereo chemical problems [4].

Chemometric  tools, particularly  principal
component analysis (PCA), have been used to
determine the ruling effects of substituents on
chemical shifts [5]. However, few reports are
dedicated to apply multivariate tools for
quantitative NMR, determination of chemical
shifts by using regression methods [6-8].
Quantitative structure-activity/property relation-
ship (QSAR/QSPR) models have been introduced
for calculating the physicochemical properties
with various numerical descriptors of chemical
structures. These relationships derive correlations
between the similarities of individual compounds
and their biological activity/chemical property [9-
11].

A 2D image-based methodology recently
developed (MIA-QSPR, multivariate image
analysis applied to quantitative structure- property
relationship) [12-13], which avoids
conformational screening and 3D alignment steps,
has also demonstrated to be nicely predictive with
some operational advantages. Thus, this method
can be used for predicting NMR spectra. In a
previous work, we applied MIA-QSPR model for
predicting *C NMR chemical shifts of a- mono
substituted naphthalenes [14]. We proposed a
correlation ranking- principal component -
artificial neural network (CR-PC-ANN) method.
CR-PC-ANN algorithm that selecting of PCs is
based on correlation ranking for PC-ANN showed
better results than the eigen-value ranking method.
Goodarzi et al. have reported a quantitative

structure—property relationship study on the 3C
chemical shifts of methoxyflavonol derivatives
using MIA-QSPR method [15]. They revealed that
the predictive ability of MIA descriptors is
comparable or even superior to the Gauge Included
Atomic Orbital (GIAO) procedure for 3C
chemical shift calculations. Geladi and Esbensen
[16] have demonstrated that image analysis may
provide useful information in chemistry, though
the descriptors do not have a direct
physicochemical meaning, since they are binaries.
In QSPR, images (2D chemical structures) have
shown to contain chemical information [17-18],
allowing the correlation between chemical
structures and properties.

In the present work, we use of 2D images, which
are the proper structures of the compounds that can
be drawn with aid of any appropriate program, as
descriptors in QSPR. Then, multivariate image
analysis-quantitative structure property
relationship study (MIA-QSPR) is proposed to
model and predict the *C chemical shifts of a
series of B-naphthalene derivatives [19] using
principal component regression (PCR) and
principal component- artificial neural network
(PC-ANN) modeling methods. Also, density
functional theory (DFT) calculations have been
used for calculating *C NMR chemical shift of
compounds. Finally obtained results using
different methods are compared.

2. EXPERIMENTAL

2.1 Data set

All data of the present investigation were obtained
from literature [19]. This data set consists of 24
mono substituted B-naphthalenes. 3C chemical
shifts of studied compounds in ppm relative to
TMS have been reported. The chemical structure
of these compounds and their *C chemical shifts
has been listed in Table 1. For PCR, data set was
divided randomly into two groups of training set
(16 compounds) and validation set (8 compounds)
and for ANN modeling, data set was divided into
three groups of training set (16 compounds),
validation set (4 compounds) and test set (4
compounds).

2.2 MIA

MIA descriptors are binaries obtained from pixels
of 2D chemical structures, which these pixels are
correlated with dependent variables for making
QSPR models. The 2D structures of each
compound of Table 1 were systematically drawn in
the ChemSketch module of ACDLabs program
[20] and subsequently saved as bitmap files. The
workspace size in each 2D image saved was
205x120 pixels and aligned by a common point
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among them in a fixed window of 105x65 pixels,
as illustrated in Fig. 1. The molecules used in the
model should have some similarity in molecular
structure so that one can proceed with calibration,
in this case using a congeneric series. The 2D
images were read and converted into double array
by using Matlab [21]. Each image of dimension
205x120 pixels was unfolded to a 1x24600 row
and then the 24 images were grouped to from
24x24600 matrix. Columns with zero variance
were removed to minimize memory, reducing the
size of matrices to 24x887.

2.3PCR

In QSAR/QSPR studies, regression model of the
formy = Xb + e may be used to describe a set of
predictor variables (X) with a predicted variable
(y) by means of regression vector (b). However,
the colinearity, which often existed between
independent variables, creates a severe problem in
certain types of mathematical treatment such as
matrix inversion [22]. Sometimes, the dimension
of the input matrix is large, but the components of
the matrices are highly correlated (redundant). It is
useful in this situation to reduce the dimension of
the input matrix. PCA is an effective procedure for
reducing the dimensionality of large data sets. It

permits identification of associations between
variables, therefore reducing the dimensionality of
the data set [23-25]. Different methods have been
addressed to select the significant PCs for
calibration purposes. In the most common one
which is called correlation ranking, the factors are
ranked by their correlation coefficient with the
property to be correlated (a dependent variable)
[26]. The factor with highest correlation
coefficient is considered as the most significant
one and, subsequently, the factors are introduced
in to the calibration model until no further
improvement of the calibration model is obtained.

24600 Pixels

105x65 X-Matrix

b

24 Compounds

205 Pixels

.

120 Pixels
<

Fig. 1. 2D images and unfolding step of the 24 chemical
structures to give the X-matrix.

Table 1. The structure of B-naphthalene derivatives and experimental *3C chemical shifts for 10 carbon positions.

No. Substituent X C-1 C-2 C-3 C-4 C-5 C-6 C-7 C-8 C-9 C-10
1 H 128 1259 1259 128 128 1259 1259 128 1336  133.6
2 CHs 126.7 1352 1279 1272 1275 1248 1257 1274 1335 1316
3 C(CHa)3 1247 1484 1229 1276 128 1252 1257 1274 134 132.3
4 CH2Br 126.3 1349 1278 1276 1275 126.6 126.2 128.6 133 132.9
5 CH20H 1253 1382 1215 1279 1276 1257 126 1278 1333 1328
6 CF3 126 1272 1217 1291 1281 1283 1274 1291 1325 1349
7 F 111 160.8 116.3 1304 128 1252 127 127.4 1343 130.6
8 Cl 126.6 1316 126.7 1295 1278 1261 127 1269 1343 1317
9 Br 129.8 119.7 129 1295 1277 1261 126.7 1269 1316 1343
10 | 1372 918 1349 1303 1285 1272 1274 1274 1357 1328
11 OH 109.4 1532 1176 1298 1277 1235 1264 126.3 1345 1289
12 OCHs 1058 1577 1188 1295 1277 1237 1264 126.8 1346 1293
13 OCOCHs 1185 1484 1211 1293 1276 1256 1265 127.6 1337 1314
14 NH2 107.4 1426 117 1278 1264 1211 1268 1245 1335 126.6
15 N(CHa)2 1069 1495 1171 1292 128 1225 126.6 1269 136 127.7
16 NHs* 122.1 1256 1194 1312 1282 1282 1279 1282 1337 1333
17 NO2 1246 1459 1192 1297 1281 1299 1281 1301 1325 136
18 CN 133.8 109.2 126 129 1278 1289 1275 1282 132 134.3
19 CHO 1342 1338 1223 1288 1277 1288 1268 129.8 136 132.2
20 COCHs 1299 1342 1237 1282 1276 1282 126.6 1294 1354 1323
21 COOH 130.7 1283 1253 1282 1277 1283 1268 1293 1323 1351
22 COOCHjs 131 1277 1254 1282 1279 1283 1268 1294 1326 1355
23 COClI 1305 135 1252 1282 1276 1281 126.7 129.2 1336 1322
24 Si(CHs)s 133.8 137.8 129.8 127 128.1 126.2 1257 1281 1331 1338
8 9 1 X
7 2
6 3
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In the present work, First PCA was carried out on
data matrix using Minitab program [27]. After
achieving PCs, PCR analysis including correlation
ranking based-PCR (CR-PCR) was employed. In
the CR- PCR procedure, the scores of PCs were
entered to the PCR model, consecutively, based on
decreasing their correlation with the *C chemical
shifts. R?2 >0.75 was used to select the optimum
number of PCs in the PCR models. For regression
analysis, data set was separated into two groups:
training set including 16 compounds and
validation set including 8 compounds. Training set
was used for the construction of the PCR models
and then the generated models were applied to the
validation set. Obtained models were summarized
in Table 2 for CR-PCR method. In all 10 CR-PCR
equations, the factor with highest correlation
coefficient with the *3C chemical shifts was
considered as the most significant one and,
subsequently, the factors were introduced into the
calibration model until R? >0.75 is achieved. PCs
with higher correlation have greater information
about the variation in the 3C chemical shifts.

Calculated *3C chemical shifts using CR-PCR
equations were shown in Table 3.

2.4 ANN

Artificial neural network (ANN) is a computer
based system derived from the simplified concept
of the brain in which a number of nodes, called
processing elements or neurons, are interconnected
in a netlike structure. The ANN characteristics
have been found to be nonlinear making them
suitable for data processing in which the
relationship between cause and results cannot be
linearly defined. Three components constitute an
ANN: the processing elements, the topology of
connection between the nodes, and the learning
rules. An ANN is arranged into discrete layers,
consisting of input, hidden and output, each of
which includes one or more individual nodes or
processing elements. The number of input
variables necessary for predicting the desired
output variable determines the number of input
nodes. The optimum number of hidden nodes and
hidden layers is dependent on the complexity of the
modeling problem [28].

Table 2. CR-PCR models for C1-C10 positions of B-naphthalene derivatives.

Position Model

1 124.175(+1.053) -0.356 PC(+0.114) +0.667 PCa(+0.130) +0.376 PCs(0.155) +0.336 PCs(+0.168)
+0.484 PC12(+0.220) -0.673 PC14 (+0.253) -0.510 PC10(0.324)

2 135.108(1.719)-0.561 PC3(0.194) -0.827 PCs(0.253) -0.896 PC7(0.278) +0.998 PCg(+0.289)-0.710
PC10(+0.312) +1.132 PC14(20.413) -0.661 PC17(x0.473)+0.975 PC19(0.528)+0.913 PC21(+0.577)

3 123.437(+0.572) +0.142 PC3(+0.064) +0.283 PC4(+0.071) +0.209 PCs(0.091)+0.175 PC7(0.092)-0.247
PCp(+0.096) +0.272 PC12(+0.119) +0.218 PC15(+0.165) -0.417 PC16(0.175) -0.162 PCa0(+0.183) -0.315

PC21(+0.192) -0.200 PC23(+0.229)

4 128.800(+0.147) +0.061 PC7(:0.024)-0.057 PCg(+0.025) -0.073 PC11(+0.027) -0.044 PC12(+0.031)-0.087
PC14(+0.035) +0.059 PCis (+0.037) +0.089 PC15(+0.037) +0.045 PC17(:0.040) -0.035 PC15(+0.042)
+0.071 PC20(+0.047)

5 127.783(0.041) +0.015 PCa(+0.005) -0.025 PC10(x0.007) -0.027 PC11(+0.008) -0.224 PC14(+0.010)

+0.028P C16(+0.011) -0.031 PC1s (+0.013) +0.047 PC20(0.013) -0.033 PC21(+0.014)

6 126.350(0.281) +0.120 PC4(0.035) +0.086 PC5(0.041) +0.062 PC7(0.045) +0.080 PCo(0.049) -
0.074 PC11(+0.053) +0.089 PC12 (+0.059) -0.256 PC1a(+0.068) +0.156 PC15(0.072) -0.068 PC17(+.077)

+0.095 PC20(0.090) -0.067 PC21(+0.094)

7 126.692(+0.098) +0.041 PC7(0.016) -0.021 PC11(0.018) +0.034 PC13(+0.023) -0.081 PC14(+0.024)
+0.049 PC15(0.025) +0.027 PCz0 (+0.031) -0.005 PC21(+0.033)

8 127.946(0.155) -0.058 PC3(+0.017) +0.083 PCa(0.019) +0.061 PCy(+0.027) -0.042 PC11(+0.029)
+0.039 PC12(0.032) -0.118 PC14 (0.037) +0.056 PC15(+0.040) +0.060 PC20(0.050) +0.041
PC23(+0.062)

9 133.721(0.149) -0.058 PCo(+0.026) -0.059 PC12(+0.031) -0.061 PC15(+0.035) +0.141 PC15(+0.038) -

0.072 PC17(0.041) -0.123 PC1s (+0.043) -0.067 PC19(+0.046) -0.170 PCz2(+0.055)

10 132.337(20.324) -0.059 PC2(0.035) +0.139 PCa(0.040) +0.099 PCs(0.048) -0.088 PCs(+0.055) -0.024
PC10(+0.059) -0.071 PC11(0.061) +0.103 PC12(+0.068) -0.170 PC14(0.078) -0.137 PCi5(0.082) +0.170

PC16(+0.083) +0.161 PC20(+0.104)
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Table 3. Calculated values of 3C chemical shifts using CR-PCR method for all 10 carbon positions — Training and

Validation sets.

Substituent C-1 C-2 C-3 C-4 C-5 C-6 C-7 C-8 C-9 C-10
?I'<raining

H 123.684 134591 124278 128500 128.071 126.397 126.160 127.513 134.081 133.656
CHs 121595 134.702 128.701 127.793 127.618 124.626 126.010 127.546 133.660 131.081
C(CHs3)3 132990 150.155 120.905 127.649 127.598 126.839 125.699 127.972 133.174 132.919
CH2Br 125560 142.204 125828 127.705 127.408 125.015 125.635 127.718 133.161 131.466
CH20H 122433 141350 119.766 128,505 127.527 124274 126.110 127.327 133.498 132.969
Cl 127170 127.211 128152 129.315 127.685 126.820 127.209 127.993 134.341 131.901
Br 130.536 124.427 126.721 129.154 127.620 126.821 127.229 126.878 132513 135.094
OCHs 113.291 145881 120.480 128.974 127581 124412 126.329 127592 134.093 129.856
OCOCH3s 123.724 146.459 122.354 129.307 127.693 125.843 126.502 127.755 134575 132.194
NH2 103.210 133.616 117.154 127.341 126.582 121.012 125.420 124.774 133.725 125.844
NHz* 117.042 120.678 120.592 131.404 128.109 128.557 128.138 128.453 133.940 131.624
NO2 121.867 139.155 120.290 129.280 128.19 127.851 127.656 129.404 132.645 134.866
CN 126.603 104.104 126.566 128.706 127.605 129.448 127.042 128.989 131.843 134.948
COCHs 130.119 136.255 120.625 128.743 127.718 126.115 126.484 128.634 135.136 133.051
COOCHs 131.127 131.072 127.638 128.423 128.085 128.261 126.592 129.157 132.673 133.004
Si(CHs)3 132.750 140.994 132.205 127.872 128.127 126.100 126.482 128.639 133.178 132.900
Validation

CFs 126.686 122.087 122.872 128.770 128.156 127.961 127.048 128.381 133.461 134.963
F 112538 163.405 119.353 129.912 128.068 125.259 126.921 128.120 133.888 131.423
| 134206 100.322 130.549 130.702 128.191 127.177 126.883 126.885 136.115 133.557
OH 114.147 140509 117.801 128471 127.812 124200 126.728 125.718 133.368 129.242
N(CHa)2 113.552 148248 118548 128.323 127.889 124328 126.194 127582 134.787 130.271
CHO 135.776  141.205 120.079 129.244 127.700 128.313 127.153 129.803 135.519 133.209
COOH 133.997 139.947 123545 128.859 127.898 128.022 126.999 129.249 131.728 133.157
CocCl 125589 132.722 127495 128.245 127.868 128.749 126.576 128.615 134.197 132.903

The PC-ANN, which combines the PCA with
ANN and models the non-linear relationships
between the PCs and dependent variable, was
proposed by Gemperline to improve the training
speed and decrease the overall calibration error
[29]. At the present work, we used the PCs which
were selected by CR-PCR method as input
variables of ANN. An artificial neural network
with back-propagation algorithm was constructed.
Our network had an input layer, a hidden layer and
an output layer. The input vectors were the set of
PCs which were selected by correlation ranking
procedure. The number of nodes in the input layer
depended on the number of PCs in the PCR
equations. The number of nodes in the hidden layer
was optimized through learning procedure. The
training, validation and test datasets including 16,
4 and 4 compounds, respectively, were used to
optimize the network performance. Obtained
results using CR-PC-ANN method were shown in
Table 4. For comparison, R? and standard error

(SE) of different models for training, validation
and test sets were summarized in Table 5.

2.5 DFT

Density functional theory (DFT) calculations have
been used extensively for calculating a wide
variety of molecular properties such as equilibrium
structure, charge distribution, FTIR and NMR
spectra, and provided reliable results which are in
agreement with experimental data [30]. DFT
calculations were carried out using Gaussian 03
[31]. NMR chemical shifts were computed at the
B3LYP/6-311++G (2d, p) level using the GIAO
method [32], but for compound no. 10,
(B3LYP/LanL2DZ) level was used. The chemical
shift values are given relative to TMS calculated
values at the same level of theory. For compound
no. 10, TMS calculated values with
(B3LYP/LanL2DZ) level were used. Obtained
results using DFT method were shown in Table 6.
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Table 4. Calculated values of °C chemical shifts using CR-PC-ANN method for all 10 carbon positions — Training,
Validation and Test sets.

SubstituentX  C-1 C-2 C-3 C-4 C-5 C-6 C-7 C-8 C-9 C-10
TrainingH 125.082 125594 125.131 128.178 128.103 125901 125.695 127.839 133.428 134.223
CH; 128.292 135.236 127.4 127.246 127.411 124639 125.606 127558 133.549 131.653
C(CHs3)3 121.817 148.175 122.207 127.768 127932 124384 125.759 127.875 133.909 132.219
CH,Br 122959 134.689 126.751 127.633 127575 126.408 126.443 128.638 132.931 133.019
CH,OH 125545 138.099 121.093 127.918 127516 125.719 126.340 127.800 133.239 132.982
Cl 128.953  127.233  126.827  129.505 127.813  125.971 127.117 127.135 134.226 130.991
Br 129.040 127.068 127.838  129.489 127.669 125532 126.889 126.692 131972 135.341
OCHs; 107.950 157.418 118.963 129.489 127.684 123.706 126.544 126.724 134.669 129.781
OCOCH;3; 120.299 157.700 120.543 129.374 127,737 125550 126.538 128.000 133.800 132.197
NH, 107.350 142502 117.067 127.874 126.347 121.201 125.688 124291 133.522 126.693
NHz* 124309 124303 119.160 131.063 128.109 128.102 127.885 128.055 133.806 132.938
NO; 125.454  153.793 119.004 129.752 128.183 129.785 128.069 130.043 132.384 135.346
CN 131.245 109.206 125.437 129.267 127.731 128.767 127.614 128548 132.030 134.009
COCHg; 128.601 133.395 123.219 128.232 127569 127.896 126.722 129.059 134.972 132.782
COOCH; 133.331 127.175 124.628 128.355 127.869 128.160 126.870 129.035 132.793 134.994
Si(CH3)s 132.762 138.047 127.452 127.296 128.009 125985 126.303 128.316 133.039 133.121
Validation
CF; 126.868 132.350 121.604  129.090 128.077 128.088 127.369 129.084 132.372 134.886
| 132,719 88.9821 134.614 130.279 128.498 127.162 127.395 127.353 135.700 133.504
N(CHs), 106.944 149500 116.744  129.150 128.013 122540 126.629 126.889 135931 127.479
CcocCl 133.593 130.725 124980 128.167 127.601 128.018 126.700 129.026 133.582 132.913
Test
F 109.994 160.800 115901 130.354 128.000 125.097 126.976 127.497 134.306 130.393
OH 113520 152.269 117.530 129.784 127.676 123498 126.399 126.323 134.470 128.866
CHO 135.926 129.562 122.116 128.803 127.707 128573 126.795 129.793 135.904 131.646
COOH 133.869 127.383 124.838 128.184 127.700 128.259 126.795 129.326 132.307 134.425
Table 5. The statistical parameters for CR-PCR, CR-PC-ANN, DFT/GIAO and ChemDraw program.
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Table 6. Calculated values of 3C chemical shifts using DFT/GIAO method.

Substituent  C-1 C-2 C-3 C-4 C-5 C-6 C-7 C-8 C-9 C-10

X

H 133.173 131.836 131.836 133.174 133.173 131.836 131.835 133.175 141.377 141.377
CHs 133.902 142833 133.978 133.791 134.130 130.301 132.036 133.367 140.191 138.056
C(CHs)s 130.028 155.898 131.419 133.932 133574 130.808 131.692 134.564 140.024 137.840
CH2Br 129.507 140.812 130.665 133.924 134.198 131.873 132513 132541 139.207 139.573
CH:0H 128.412 145.052 128.771 133.617 132.982 131.864 130.774 134.307 139.702 138.920
CFs 134.486 136.495 127.434 134.143 134.246 133.756 132925 135.793 139.111 140.614
F 117.488 171.313 121.927 136.279 134576 130.870 133.121 133.383 141.917 137.798
Cl 132.764 148491 133.036 135.099 133.790 132.109 133.156 133.547 142.018 139.260
Br 136.325 146.165 135.837 135.035 134.209 132267 132966 133.521 140.976 138.332
| 140509 146.082 138.644 133.255 132532 131206 131.652 131.629 136.387 133.859
OH 115562 162.126 120.135 135443  134.039 129.019 132900 132.612 141.939 134.943
OCHs 118.860 165.283 114.507 135.229 133.979 128926 132.612 132.293 141.667 135.013
OCOCHs 123.894 157.817 128.374 134500 134.200 131.445 132423 133911 140.623 137.667
NH2 136.544 149.898 135.253 133.729 133.740 131.293 131.968 134.067 140.580 138.324
N(CHs)2 111.131 154293 119.007 135.115 133.944 127.162 132329 132.446 141.790 132.925
NH3* 125952 125970 117.404 142975 136.452 140.686 140.323 134.630 138.366 140.833
NO: 124979 159.361 124.325 135.982 134.599 133419 133941 135.116 139.130 138.477
CN 141.386 116.468 134.084 135.020 134.625 134.919 133.379 135566 139.543 141.540
CHO 135.622 139.342 134.645 134456  133.999 134.795 132.632 137934 139.345 143.233
COCHs 136.958 139.106 131.191 133.703  133.789 134.189 132407 137975 138.677 141.531
COOH 141.168 131.806 132.308 133.501 133.977 134364 132350 137.168 138.594 141.769
COOCH3s 140.286 133.836 131.926 133.150 133.903 133.920 132.234 137.080 138.666 141.366
cocl 140.611 134.996 135.002 134.175 134.153 136.124 133.194 137.441 137.949 142585
Si(CHs)s 139.810 144.815 135.842 133.207 134.737 131.809 131.588 133.702 139.703 140.294

3. RESULT AND DISCUSSION

Table 1 lists the names of the compounds used in
this study and their corresponding experimental
13C chemical shift values. In this list, the
experimental 3C chemical shift values for 10
carbon positions have been accessed. In order to
find a correlation between MIA descriptors and
these spectroscopic data, after eliminating the
descriptors with zero variance, 887 MIA
descriptors were remained. Then, PCA was
applied on the descriptors data matrix. Twenty-
three PCs were generated which were considered
as the input variables of PCR and PC-ANN
models. For each carbon position, separate PCR
models based on correlation ranking were
obtained. Obtained models were shown in Table 2.
Calculated values of 3C NMR chemical shifts
using these CR-PCR equations were indicated in
Table 3 for training and validation sets,
respectively. The statistical parameters of these
models were summarized in Table 5. To increase
the predictive ability of the obtained models, a
nonlinear modeling method was employed.
Typically, superior models can be found using
ANNs because they implement non-linear
relationships and because they have more
adjustable parameters than the linear models.
Therefore, we suggested the use of ANN as the
non-linear model. The order of PCs based on their
decreasing correlation was shown in equations of

Table 2. Thus, these subsets of PCs were used as
input of ANN models. The calculated values of 3C
chemical shifts using ANN models were
represented in Table 4 for training, validation and
test sets, respectively. R? and standard error (SE)
values using two different methods (CR-PCR and
CR-PC-ANN) were summarized in Table 5. As can
be seen from this table, CR-PC-ANN model shows
more predictive ability than the PCR models. This
indicates that there are nonlinear relationship
between PCs and *C chemical shifts. Plots of
experimental *3C chemical shifts versus calculated
values using CR-PC-ANN method for all 10
carbon positions are shown in Fig. 2 (a-),
respectively. As it is observed, obtained models by
the CR-PC-ANN method indicate high qualities.
This means that there are non-linear relationships
between the proposed MIA descriptors and the 13C
chemical shifts of the B-naphthalene derivatives. In
order to compare the predictive ability of the MIA-
QSPR model with a standard procedure for 3C
chemical shift calculations, the GIAO method [32]
was utilized to compute the spectroscopic data for
the studied compounds. Obtained results using
GIAO method were shown in Table 6. The results
of this table show that MIA-QSPR predictions are
significantly better than the GIAO method. Also,
13C chemical shifts of the studied compounds were
calculated using ChemDraw program [33].
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Fig. 2. (a-j): Plot of experimental *C chemical shifts of B-naphthalene derivatives against the calculated values using CR-

PC-ANN model for C1-C10 positions, respectively.
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Table 7. Calculated values of 3C chemical shifts using ChemDraw program.

Substituent C-1 C-2 C-3 C-4 C-5 C-6 C-7 C-8 C-9 C-10
X

H 128 125.9 125.9 128 128 125.9 125.9 128 133.6 133.6
CHs 127 1353 128 127.3 127.6 125.1 126 127.5 133.7 131.8
C(CHs)s 122.9 148.4 124.7 127.7 128.1 125.5 126 127.5 134.2 132.5
CH2Br 127 135.2 128 127.3 127.6 125.1 126 127.5 133.7 131.8
CH:0H 127 135.2 128 127.3 127.6 125.1 126 127.5 133.7 131.8
CFs 126.3 127.2 121.8 129.2 128.2 128.6 127.7 129.2 132.7 135.1
F 111 161 116.1 130.5 128.1 125.5 127.3 127.5 1345 130.8
Cl 126.7 131.8 126.8 129.6 127.9 126.4 127.3 127 1345 131.9
Br 130.1 119.9 129.4 129.6 127.8 126.4 127 127 133.6 131.6
| 137.2 91.8 134.9 130.4 128.6 127.5 127.7 127.5 135.9 133
OH 109.5 155.8 117.6 129.9 127.8 123.8 126.7 126.4 134.7 129.1
OCH3s 105.9 157.2 118.8 129.6 127.8 124 126.7 126.9 129.4 129.5
OCOCHs 118.6 148.6 121.1 129.4 127.7 125.9 126.8 127.7 133.9 131.6
NH2 108.4 142.7 118.1 129 126.5 121.4 125.3 124.6 133.7 126.8
N(CHs)2 105.6 146.3 116.1 130.4 128.1 122.8 126.9 127 136.2 127.9
NHs* 128.1 126 126 128.1 128.1 126.2 126.2 128.1 133.8 132.8
NO: 123.6 145.2 118.9 127.9 128.2 130.2 128.4 130.2 131.7 136.2
CN 134 109.1 126 129.1 127.9 129.2 127.8 128.3 132.2 134.5
CHO 134.2 1333 122.8 128.9 127.8 129.1 127.1 129.9 133.1 132.4
COCHgs 129.9 134.2 124.2 128.3 127.7 128.5 126.9 129.5 132.5 1325
COOH 130.4 127.1 125.8 128.3 127.8 128.6 127.1 129.4 132.5 135.3
COOCH3s 130.7 128 125.9 128.3 128 128.6 127.1 129.5 132.8 135.7
COCI 128.6 134.2 124.2 128.3 127.7 128.5 126.9 129.5 135.6 132.5
Si(CHs)s 133.8 137.8 129.8 127.1 128.2 126.5 126 128.2 133.3 134

Obtained values using ChemDraw program were
shown in Table 7. For comparison, statistical
parameters of these values were indicated in Table
5. As can be seen from this table, calculated °C
chemical shifts using CR-PC-ANN models are
more accurate than the calculated values by
ChemDraw program.

4. CONCLUSION

The main aim of the present work was to
investigate relationship between 2D images and
13C chemical shifts. Obtained results indicated that
though MIA descriptors do not have a direct
physicochemical meaning, but may provide useful
information and are capable to predict the 3C
chemical shifts of studied compounds.The MIA-
QSPR results presented the advantage of being
based on a calibration model, and thus the model
may be validated and predictions performed more
reliably.
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