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Abstract

Theoretical models relating atom-based structural descriptors to 13C NMR chemical shifts were used to accurately simulate 13C

NMR spectra of lignin model compounds (poly-substituted phenols). The structure–activity relationship (SAR) studies for 15 lig-

nins using pattern recognition methods of principal component analysis (PCA) and artificial neural networks (ANNs) were per-

formed in this work. The most important parameters affecting the 13C chemical shifts of different carbons were descriptors

consisting of the charge density of the atoms at different distances from the center carbon. Among the large number of parameters,

these descriptors were selected using PCA and were used as ANN input. The least square regression analyses of the results indicate

correlation coefficient (R) values in excess of 0.983 for the total data set.

� 2004 Elsevier Inc. All rights reserved.
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1. Introduction

Lignins are the most abundant natural aromatic

polymers on earth. The chemistry [1] and analysis of

these compounds [2] have been the subject of vast re-
searches, related to pulping [3], bleaching [4], and bio-

degradation [5]. Among the myriad instrumental

methods that have been used in attempting to decipher

the structure and reactivity of lignin, a large body of

information has been developed from nuclear magnetic

resonance spectroscopy, with particular emphasis on

the use of 13C techniques [6].

Spectral simulation techniques for 13C NMR spec-
troscopy can provide aid in the solution of complex

structure elucidation problems and in the verification

of chemical shift assignment, particularly when suitable
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reference spectra are not available. There are different

basic approaches of ab initio, empirical, linear regres-

sion, and neural networks to calculation and prediction

of the 13C NMR chemical shift.

The ab initio methods are able to calculate the mag-
netic properties of any molecular structure, such as

shielding tensors, shielding anisotropy, and isotropic

chemical shifts with respect to an applied magnetic field

and the nuclear magnetic moment [7–9]. It is noteworthy

that the resulting chemical shift values obtained using

these methods are not biased by previous experimental

results. However, obtaining accurate chemical shifts

using ab initio methods requires the correct configura-
tion and conformation of the molecules. The real

three-dimensional structure is often unknown and multi-

ple conformations have to be taken into account for

small and flexible molecules, in particular. These prob-

lems make such calculations very time consuming and

expensive.
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The empirical approaches rely on the knowledge of

chemical shifts from large sets of known molecular struc-

tures [10,11]. In this approach empirical parameters are

derived for a wide variety of structural substituents using

large databases of carbon atoms and their chemical shifts.

The hierarchically ordered spherical description of envi-
ronment (HOSE) code, developed by Bremser is suitable

for this approach [12]. However, the accuracy of the 13C

NMR chemical shift prediction strongly depends on the

similarity between the new and known HOSE codes and

on the quality of the database.

Linear regression modeling relates a carbon atom�s
chemical shift to atom-based features (descriptors). These

relationships are derived through multiple linear regres-
sion analysis techniques. Since the chemical shifts of dif-

ferent atoms in a molecule may show a nonlinear

characteristic, therefore, a trend to obtain better results

with non-linear methods such as neural networks as com-

pared to regression methods have been observed [13,14].

One active area of research involves substituting lin-

ear regression by neural network. Artificial neural net-

works (ANNs) have been reported for use in a few
analytical chemical studies including 1H NMR [15]

and 13C NMR spectroscopy [16–21]. To ensure the

robustness and generality of an ANN model, various

types of descriptors should be used as its input. In order

to develop more compact models, it is common to use

selected subsets of descriptors, instead of all possible

descriptors. There are two basic approaches to solve this

problem such as genetic algorithm [15] and principal
component analysis [22].

The aim of the present work was to reveal the capabil-

ities of PCA-ANN method for the calculation of 13C

chemical shifts of a number of lignin model compounds.

Success of such techniques will allow the prediction of

chemical shifts of unknown compounds, and serve as an

aid for verification of the structure of the molecules.
Fig. 1. Projection of an object vector x onto a straightline which

defines a latent variable by vector b. The value (score) of the latent

variable is u.
2. Theoretical background

2.1. Principal components analysis

Principal components analysis (PCA) is a multivari-

ate procedure, which rotates the data such that maxi-

mum variabilities are projected onto the axes [23,24].
The main use of PCA is to reduce the dimensionality

of a data set while retaining as much information as is

possible. It computes a compact and optimal description

of the data set.

The first principal component is the combination of

variables that explains the greatest amount of variation.

The second principal component defines the next largest

amount of variation and is independent to the first prin-
cipal component. There can be as many possible princi-

pal components as there are variables.
It can be viewed as a rotation of the existing axes to

new positions in the space defined by the original vari-

ables. In this new rotation, there will be no correlation

between the new variables defined by the rotation. The

first new variable contains the maximum amount of var-

iation, the second new variable contains the maximum
amount of variation unexplained by the first one and

is orthogonal to the first.

A set of multivariate data describes objects and their

features. Objects are characterized by a predefined set of

features. A feature is a numerical variable that describes

an aspect of the objects. Such data are best described by

an n Æ p matrix X, containing a row for each of the n ob-

jects, and a column for each of the p features.
Each feature can be considered as a coordinate of a

point; each object then corresponds to a point in a p-di-

mensional feature space. The fundamental hypothesis

for multivariate data interpretation is the existence of

relationships between the locations or the distances of

points (objects) and relevant properties. The essential

concept of multivariate data analysis is the use of so-

called latent variables as plot coordinates. The goal of
many chemometric methods is to find a mathematical

function or a more general algorithm to define appropri-

ate latent variables. The guiding principle is a represen-

tation of the p-dimensional multivariate data by a

minimum number of latent variables.

A particular direction that defines a linear latent var-

iable in a p-dimensional feature space is described by a

vector b (b1,b2, . . . ,bp) which is usually scaled to length
one. The value of the corresponding latent variable u for

an object x (x1,x2, . . . ,xp) is obtained by projecting the

object point onto a straightline which is defined by the

direction b (Fig. 1). Mathematically this is a linear com-
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bination of the features xj of the object and the vector

component bj; an equivalent notation is the scalar prod-

uct of the vectors bT and x.

u ¼ bTx ¼ b1x1 þ b2x2 þ � � � þ bpxp: ð1Þ

The value of a latent variable is called a score; scores

are often used as plot coordinates. The vector compo-

nents bj are called loadings; they define the direction

of the latent variable in the feature space and they de-

scribe the contributions of the individual features to
the scores. Usually two orthogonal directions b1 and

b2 are used as projection axes (the product b1 Æ b2 be-

comes zero) to define a projection plane.

The vectors b1 and b2 can be arranged in a matrix B.

Scores U for objects X are calculated by a matrix

multiplication.

U ¼ X � B: ð2Þ
Fig. 2. Score plot and loading plot. The score plot in this demo example in

follows that feature with number 2 is characteristic for objects that are loca

characteristic for objects in the left lower corner; features 3 and 5 are near t
Two fundamental types of plots can be generated

(Fig. 2). In a score plot each point corresponds to an ob-

ject; the coordinates are given by the scores. The dis-

tances between objects in the score plot are

approximations of the distances in the multivariate fea-

ture space; groups (clusters) of similar objects can be de-
tected visually. In a loading plot each point corresponds

to a feature; the coordinates are given by the loadings of

the features for the same axes as used in the correspond-

ing score plot. The loading plot indicates the similarities

and correlations between features. Furthermore this plot

makes evident which features are responsible for the rel-

ative positions of the objects in the score plot. Features

with small loadings are located near the origin; they
have on the average only little influence on the data

structure. A feature with a high loading for a latent var-

iable causes that objects are placed in the corresponding

region of the score plot if this feature has a large value.
dicates two clusters of objects and one outlier. From the loading plot

ted in the right upper corner of the score plot; features 1, 4, and 6 are

he origin of the loading plot and therefore have only little influence.
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2.2. Artificial neural networks

Artificial neural network (ANN) is a computer-

based system derived from the simplified concept of

the brain in which a number of nodes, called process-

ing 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 consti-

tute an ANN: the processing elements, the topology

of connection between the nodes, and the learning

rules. The PCA selected descriptors by loading plot

were processed by ANN which was trained with the
back-propagation of errors learning algorithm. Its ba-

sic theory and application to chemical problems can

be found in the literature [25,26]. The structure of the

network comprised of three node layers: an input, a

hidden and an output layer, represented by i, h, and

o, where they, respectively, indicate the number of

nodes in the input layer, hidden layer, and output

layer. The absorbance data versus the time were
centered and normalized as the input for ANN. The

input nodes transferred the weighted input signals to

the nodes in the hidden layer, and the same as the

hidden nodes for the output layer. A connection be-

tween the nodes of different layers was represented by

a weight wij, and during the training process, the cor-

rection of weight Dwij was defined as the following:

Dwijðnþ1Þ ¼ gdjoj þ aDwijðnÞ; ð3Þ

where dj is the error term, oj is the output of node j, g is

the learning rate, a is the momentum, and n is the itera-

tion number. The iteration would be finished when the

error of prediction reached a minimum.

A non-linear transformation which named the sig-

moidal function was applied between the input and
output of a node. The optimum of g and a was ta-

ken as those which made the error of prediction

minimum.
3. Methodology

In an effort to focus on the neural network aspects of

a 13C NMR spectral prediction study, we decided to

examine a data set of 15 model compounds [27,28].

For developing the ANNs usually three sample sets

are necessary. A calibration or training set must be used
to estimate the parameters of the model and a test set is

needed for the optimization process of ANN. A third

set, the so-called control set of data is needed for the

evaluation of the prediction ability of the ANN model.

Therefore the sample set was divided into three subsets

of training, test, and control sets for the ANN

calibration.
The chemical shifts for the carbon atoms in lignin

model compounds fall in two distinct separated subsets;

carbons of the side chains (Subset 1) and carbons in the

benzene rings (Subset 2).

To prevent bias towards one type of carbon atom,

only carbon atoms that are structurally unique are in-
cluded in the development of PCA. For the data set,

100 unique carbon atoms were identified. Of these, 73

carbon atoms were considered as the training set, 20

carbon atoms were in the test set, and 7 carbon atoms

were considered as control set. For the two distinct

subsets, 30 of the unique carbons were in the first sub-

set, and the remaining 70 unique carbon atoms were in

the benzene rings.
Once the data set was defined, numerical representa-

tion of the environmental surrounding each carbon

atom was calculated. This was done using some pro-

grams designed specially for the purpose of calculating

descriptors. These programs calculate three different

types of descriptors, i.e., geometric, electronic, and

topological.

Geometric descriptors were calculated using opti-
mized Cartesian coordinate and van der Waals radius

of each atom in the molecules using Microsoft Excel

2002 [29]. The three-dimensional structure of each

molecule was optimized using the semi-empirical

molecular orbital method of AM1 implemented in

the MOPAC package (version 6) [30]. Electronic

descriptors were also calculated using AM1 Hamilto-

nian implemented in this program. Topological
descriptors were calculated using two-dimensional rep-

resentation of the molecules.

Once a suitable pool of descriptors had been found,

some of them should be selected to generate the model.

Testing every possible combination of descriptors is far

too time-consuming process, therefore, a method for

descriptor selection must be used. In this work, the

principal component analysis (PCA) technique was
chosen as feature selection method. This method is

an extremely useful explorative tool which maps sam-

ples through scores and individual variables by load-

ings in a new vector space defined by the principle

components (PC). From loading plots the more impor-

tant variables can be easily identified as well as the cor-

relation patterns among them (see Fig. 3).The first PC

is generated in a way that it has maximum correlation
with all of the variables and accounts for a large por-

tion of the total data variance. From the remaining

data variance (after the removal of the first PC) a sec-

ond PC is extended which is completely uncorrelated

(orthogonal) with the first one and accounts for the

maximum possible remaining data set variance. This

procedure is then repeated until all PCs are generated.

The PCA study was carried out using the program
package PLS_Toolbox_303a for MATLAB which con-

tains PCA and related methods [31]. Then, in order to
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develop a model for predicting 13C chemical shift a

neural network was generated using the PCA selected

descriptors as inputs. A back-propagation neural net-

work having three layers was created using Visual-Ba-

sic software package [32].
4. Results and discussion

A total of 62 descriptors were used for PCA inves-

tigation. These descriptors are listed in Table 1. Fig. 3

shows the loading plot for these descriptors. Descrip-

tors with small loadings are located near the origin;

they have on the average only a little influence on

the data structure. Among these descriptors, CD1,

CD2, CD3, TCD2, and TCD3 are electronic descrip-
tors and show high loading values to cause largest ef-

fect on the 13C chemical shifts of different carbons. It

can be seen from Table 1 that these parameter are

principally charge density surrounding a carbon cen-

ter. It is noteworthy, that the calculation of these

descriptors is very easy and nowadays, the tools for

this type of calculation, i.e., molecular orbital pack-

ages such as MOPAC and HyperChem are available
in most laboratories.

To investigate the prediction ability of the ANN,

output layer should be considered as a single node,
corresponding to the chemical shift. The specifications

of the ANN model are summarized in Table 2. Opti-

mization process was carried out by trial and error

procedure. Before training, the input and output val-

ues were normalized between �2 to 2 and 0 to 1,

respectively. In order to obtain the best network struc-

ture, several ANN systems with different number of

hidden nodes were tested. The proper number of
nodes in the hidden layer was determined by training

the network with different number of nodes in the hid-

den layer. The root-mean-square error (RMSE) value

measures how good outputs are in comparison with

the target values. It should be noted that for evaluat-

ing the overfitting, the training of the network for the

prediction of 13C chemical shift must stop when the

RMSE of the test set begins to increase while RMSE
of calibration set continues to decrease. Therefore,

during the training of the network, it is desirable that

iteration be stopped when overtraining begins. The

chemical shifts values of 100 unique carbon atoms

of lignin model compounds were available both as

experimental [27] and as results of ab initio calculation

[28]. Table 3 presents the results of the chemical shifts

values obtained using PCA-ANN of this work and the
values obtained using ab initio methods for these un-

ique carbon atoms. It can be seen that in most cases

the values obtained by PCA-ANN are closer to the



Table 1

The definition of descriptors for PCA investigation

PCH: Partial charge of carbon center

CD: Charge density of carbon center

PCHn: Partial charge of atoms (carbon and oxygen) n bonds away from the carbon center (n = 1–3)

TPCHn: Total partial charge of atoms (carbon and oxygen) one bond to n bonds away from the carbon center (n = 2–3)

CDn: Charge density of atoms (carbon and oxygen) n bonds away from the carbon center (n = 1–3)

TCDn: Total charge density of atoms (carbon and oxygen) one bond to n bonds away from the carbon center (n = 2–3)

PCHDn: Partial charge of atoms (carbon and oxygen) n bonds away from the carbon center divided to n (n = 2–3)

CDDn: Charge density of atoms (carbon and oxygen) n bonds away from the carbon center divided to n (n = 2–3)

PCHDnn: PCHDn to power n.

CDDnn: CDDn to power n.

TPCHDn: Total partial charge of atoms (carbon and oxygen) one bond to n bonds away from the carbon center divided to n (n = 2–3)

MaxPCHn: Maximum partial charge on the atoms (carbon and oxygen) that n bonds away from the carbon center (n = 1–3)

MaxCDn: Maximum charge density on the atoms (carbon and oxygen) that n bonds away from the carbon center (n = 1–3)

MinPCHn: Minimum partial charge on the atoms (carbon and oxygen) that n bonds away from the carbon center (n = 1–3)

MinCDn: Minimum charge density on the atoms (carbon and oxygen) that n bonds away from the carbon center (n = 1–3)

PCHnn: Partial charge of atoms (carbon and oxygen) n bonds away from the carbon center to power n (n = 2–3)

TPCHnn: Total partial charge of atoms (carbon and oxygen) one bond to n bonds away from the carbon center to power n (n = 2–3)

NHEVn: Number of heavy atoms in the nth shell

n Radial distance (Å)

1 2.3–3.1

2 3.1–3.9

3 3.9–4.6

4 4.6–5.4

NHYDn: Number of hydrogen atoms in the nth shell

n Radial distance (Å)

1 0.0–1.5

2 1.5–2.4

3 2.4–3.0

4 3.0–3.5

5 3.5–4.3

6 4.3–5.5

DOX: Distance to nearest oxygen

INVDOXn: Inverse of DOX to power n (n = 1–3)

D4: Distance to atom number 4 (This atom is same in all compounds)

INVD4n: Inverse of D4 to power n (n = 1–3)

CCIn: Corrected connectivity index over bonds n bonds away from the carbon center (n = 1–3)

TCCIn: Total corrected connectivity index over bonds n bonds away from the carbon center (n = 2–3)

AVTCCIn: Average total corrected connectivity index over bonds n bonds away from the carbon center (n = 2–3)

Table 2

Architecture of the ANN models and their specifications

Subset 1 Subset 2

No. of nodes in the input layer 5 5

No. of nodes in the hidden layer 3 4

No. of nodes in the output layer 1 1

Momentum 0.4 0.6

Learning rate 0.6 0.4

Transfer function Sigmoid Sigmoid
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experimental values compared with those obtained

using the ab initio methods. The statistical parameters

obtained by these models for the training and the test

sets are shown in Table 4. For the sake of compari-

son, the RMSE values and correlation coefficients

for the ab initio results were calculated exactly in

the same way as PCA-ANNs for the subsets 1 and

2 carbon centers. Inspection of these parameters
shows that although the correlation coefficients do

not reveal a considerable improvement, but the RMSE

values are much better for the PCA-ANN models pre-

sented in this work. The plot of the observed shifts

versus the calculated values of the chemical shifts

shows a good correlation (Fig. 4). The residuals of

the ANN calculated values of chemical shift are plot-

ted against the experimental values in Fig. 5. The
propagation of the residuals in both sides of the zero

line indicates that no systematic error exists in the

development of the PCA-ANN. This plot also shows

that there are no outliers in the calculated chemical

shifts. An example of the observed spectrum com-

pared to the simulated one for the compound 1-(4-hy-

droxy-3,5-dimethoxyphenyl) ethanol as control set is

shown in Fig. 6. The RMS error for the prediction
of this molecule was 2.759 ppm. The visual similarity

between the two spectra is striking.



Table 3

Experimental and calculated values of chemical shifts (in ppm) for lignin compounds

Carbon Experimental PCA-ANN prediction Ab initio prediction

1 120.15 121.54 124.39

2 110.18 110.78 114.78

3 145.7 145.67 149.78

4 146.63 145.72 153.09

5 114.6 114.66 120.83

6 121.47 121.39 128.97

OMe 55.86 56.09 50.74

1 137.91 139.73 142.62

2 108.05 106.67 112.62

3 146.62 146.38 149.54

4 144.96 145.68 152.18

5 114.20a 111.63 122.02

6 118.31 118.94 126.43

a 70.3 70.19 66.22

b 25.07a 26.27 30.48

OMe 55.8 56.10 50.75

1 129.3 129.97 134.5

2 108.52 106.98 110.09

3 146.75 146.42 150.32

4 145.63 145.67 153.53

5 114.57 111.57 120.68

6 120.25 118.81 131.15

a 131.24a 131.3 134.9

b 126.22 127.33 126.04

c 63.71 63.33 57.87

OMe 55.88 56.10 50.78

1 129.70a 131.06 132.35

2 109.02a 109.32 117.27

3 147.34a 146.32 149.15

4 151.99a 145.71 161.55

5 114.59a 111.39 117.48

6 127.57a 121.29 138.55

a 191.96a 186.53 196.8

OMe 56.07 56.10 51.65

1 120.13 119.43 124.15

2 129.71 124.36 138.26

3 115.41 116.26 116.44

4 155.25a 158.32 164.89

5 115.41 116.26 120.59

6 129.71 124.36 139.59

1 132.93 133.38 137.42

2 109.94 109.75 112.71

3 146.65 146.39 150.77

4 145.26 145.68 151.39

5 114.27 111.22 121.47

6 120.22 121.12 123.72

a 65.44 63.79 58.62

OMe 55.90 56.10 51.06

1 138.9 137.34 141.78

2 127.31 127.6 136.37

3 115.55a 115.59 119.41

4 156.98 158.39 163.31

5 115.55a 115.59 116.77

6 127.31 127.6 135.77

a 69.61 69.72 65.76

b 26.10 26.45 30.54
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Table 3 (continued)

Carbon Experimental PCA-ANN prediction Ab initio prediction

1 129.81 130.42 132.45

2 132.54 131.2 146.17

3 116.01 115.56 113.11

4 161.65 158.43 171.23

5 116.01 115.56 119.48

6 132.54 131.2 143.4

a 191.28 189.83 195.66

1 129.73 128.81 134.02

2 128.33a 126.82 141.12

3 116.19 115.67 119.78

4 157.78 158.4 163.8

5 116.19 115.67 116.65

6 128.33a 126.82 133.2

a 130.29 129.19 133.91

b 127.67 126.72 126.4

c 63.47 63.13 57.82

1 133.96 132.97 136.05

2 129.05 130.37 134.65

3 115.69 115.55 116.52

4 157.23 158.38 162.7

5 115.69a 115.55 120.28

6 129.05 130.37 134.83

a 64.54 65.55 58.6

1 119.06 124.17 126.76

2 105.03 110.79 106.08

3 147.31a 147.04 153.21

4 134.97 136.47 141.76

5 147.31a 147.04 155.12

6 105.03 110.79 109.05

OMe 56.27 56.10 51

OMe* 56.27 56.10 50.68

1 132.06 133.25 138.9

2 103.88a 109.08 102.84

3 147.1 147.24 153.08

4 134.19 137.03 139.49

5 147.1 147.24 153.71

6 103.88a 109.08 102.2

a 65.68 66.3 58.94

OMe 56.26 56.10 51.15

OMe* 56.26 56.10 47.67

1 128.34 126.98 132.18

2 106.81a 108.83 117.75

3 147.44 146.61 151.61

4 141.03 137.36 149.39

5 147.44 146.61 150.8

6 106.81a 108.83 109.64

a 190.79 189.41 197.17

OMe 56.48a 56.10 50.82

OMe* 56.48a 56.10 51.66

1 128.22 128.51 135.84

2 103.35 106.71 100.97

3 147.13 147.24 152.22

4 134.80a 134.8 140.88

5 147.13 147.24 153.88

6 103.35 106.71 111.81

a 131.5 132.56 134.74

b 126.58a 127.01 127.65

c 63.76 63.96 57.92

OMe 56.27 56.10 50.89

OMe* 56.27 56.10 50.63

a The molecules included in the test set. The remaining molecules are considered in the calibration set.
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Table 4

Statistical parameters obtained using ANN modelsa

Subset 1 Subset 2

PCA-ANN Ab initiob PCA-ANN Ab initiob

RMSEc 0.779 4.953 1.912 5.973

RMSEt 2.502 4.46 3.118 7.504

Rc 0.999 0.998 0.992 0.985

Rt 0.999 0.998 0.983 0.977

a c, calibration set; t, test set; RMSE, root mean square error; R,

correlation coefficient.
b The statistics are calculated using the results taken from [27].

Fig. 4. Calculated vs. observed plot for the computational neural

network models developed for the subsets one and two.

Fig. 5. Plot of the residual vs. observed values for the subsets one and

two.

Fig. 6. Observed and simulated spectra of 1-(4-hydroxy-3,5-

dimethoxyphenyl)ethanol.
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5. Conclusions

Over the dataset of 15 monomeric lignin model

compounds, an accurate relationship is found between

the experimental and calculated 13C NMR chemical

shifts. Due to the data existing in two distinct groups

of shifts, the data set was divided into two subsets

and good fits of the data are found for each of them

when treated individually. By accurately simulating
the shifts of compounds such as lignins, researcher

may be able to elucidate the structure of different lignin
compounds.
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