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This study seeks to achieve a complete elucidation of structures of unknown Eudesmane
sesquiterpenes from their °C values. The **C values for each of the fifteen (15) positions
of the skeletons of the Eudesmane compounds were predicted using Generalized
Regression Neural Network (GRNN). From the predicted **C values, GRNN and Scatter
Plot methods were used to predict the substituents attached to each position on the
skeleton of the Eudesmane compounds. Recognition of the test compounds ranged
between 40 and 100%. GRNN and Scatter plots demonstrated great potential for use in
the structural elucidation of unknown compounds from **C values.
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Introduction

A major challenge faced by natural products chemists in the
process of drug development is elucidation of the structure of
isolated compounds. Sesquiterpenes are formed from
countless biogenetic pathways and therefore produce several
types of carbon skeletons [1,2]. This makes elucidation of
their structures very challenging. Eudesmane-type compounds
are one of the most representative skeletons of sesquiterpenes.
Emerenciano and co-workers have developed and applied the
expert system, SISTEMAT (based on artificial intelligence
programs) in the elucidation of structures of several classes of
compounds including  sesquiterpenes  [3,4], lactone
sesquiterpenes[5], diterpenes [6] and triterpenes [7]. Oliveira
and co workers [4] demonstrated the use of SISTEMAT in
obtaining useful rules of 3C spectral analysis and its use as an
auxiliary tool in the process of structure elucidation for
eudesmanes. The same work presented a review on the **C
NMR data of eudesmanes. Part of the **C NMR chemical shift
data used in our previous studies and the current one are
obtained from this publication. The structure of any natural
product is conventionally divisible into three sub-units: the
skeletal atoms, heteroatoms directly bonded to the skeletal
atoms or unsaturations between them and secondary carbon
atoms, usually bonded to a skeletal atom through an ester or
other linkages [5]. The skeletal structure common to all
Eudesmane compounds is shown in Fig.1.
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Fig 1. Eudesmane skeleton.
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Typical substituents found in Eudesmane compounds are
presented in Fig. 2.
Our Contribution

In a previous study [8], we have shown that when
Generalized Regression Neural Network (GRNN), is trained
using the *3C chemical shift values for each of the 15 positions
on the eudesmane skeleton as input and the various possible
substituents as the target, GRNN  could identify the
substituents in each position on the Eudesmane skeleton of
unknown compounds (when the **C values for each position
on the Eudesmane skeleton of the each unknown eudesmane is
supplied to the system). We have also applied scatter plot as a
tool to determine the **C chemical shift ranges (for each of the
15 carbon positions on the Eudesmane skeleton) over which
different substituent types may exist allowing the
determination all the possible structures consistent with a
particular set of spectroscopic data [9]. However, full
elucidation of structures of unknown compounds using the
described procedures could not be carried out since the studies
were based on the premise that the *C skeletal data of the
compounds whose substituents were being determined are
known. In the present work, we predict the **C chemical shift
values on the skeleton (C;-Cy5) of novel eudesmane skeleton
using GRNN. We thereafter proceeded to utilize the predicted
skeletal values to determine the substituent types in each
position on the eudesmane skeleton employing the principles
demonstrated in the previous works. The degree of accuracy
of GRNN and scatter plots in determining the substituents on
each position of the skeleton of the test compounds were
compared. In utilizing the GRNN and scatter plots in
predicting the substituent types, the original data set utilized in
our previous publications were expanded in order to
accommodate new substituent types encountered in the
compounds employed in skeletal data prediction.
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Avrtificial Neural Networks

Artificial Neural Networks are computational models
whose structures are derived from a simplified concept of the
brain in which a number of nodes called neurons, are
interconnected in a network-like structure [11]. Neural
networks are non-linear processes that perform learning and
classification. ANNs consist of a large number of
interconnected processing elements known as neurons that act
as microprocessors. Each neuron accepts a weighted set of
inputs and responds with an output. Figure 2a depicts a single
neuron model. In general, neural networks are adjusted/
trained to reach from a particular input a specific target output
until the network output matches the target. Hence the neural
network can learn the system. The learning ability of a neural
network depends on its architecture and applied algorithmic
method during the training. Training procedure ceases if the
difference between the network output and desired/actual
output is less than a certain tolerance value. Thereafter, the
network is ready to produce outputs based on the new input
parameters that are not used during the learning procedure.

A GRNN (an architecture of ANN) consists of four
layers: input layer, pattern layer, summation layer and output
layer as shown in Fig. 2b. The number of input units in the
input layer depends on the total number of the observation
parameters. The first layer is connected to the pattern layer
and in this layer each neuron presents a training pattern and its
output. The pattern layer is connected to the summation layer.
The summation layer has two different types of summation,
which are a single division unit and summation units. The
theory of GRNN has been described elsewhere [12, 13].
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Fig 2. Common Substituents found in Eudesmane
Compounds [10].
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Fig 2a: A Single Neuron model [11].
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Fig 2b: General Structure of GRNN [12].
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ANNSs have been applied in the identification, distribution
and recognition of patterns of chemical shifts from *HNMR
spectra [14, 15] and identification of chemical classes through
3C-NMR spectra [16].

Methodology

The **C spectral data for eudesmane sesquiterpenes used
for the current study were extracted from structures of
Eudesmane compounds published by [17]. Three Excel
worksheets containing coded information on the input and
target data for the training and test compounds were prepared.
On the first row of the first sheet, the compounds were
assigned codes 1-86. All the *C values for each compound
were recorded in ascending order. In order to ensure equal
number of entry for all the compounds, the difference in *C
data was made up with zero for deficient compounds. This
was used as the input data. The second sheet contains the
target data and follows the format for the input data except
that in the first column, the positions of each carbon atoms on
the skeleton (as shown in Figure 1) were coded as 1-15 and
the C chemical shift data for each Carbon at each of the 15
positions was recorded for each compound. The third excel
sheet contains the test compounds. The design follows that of
the first sheet except that thirty-three (33) test compounds
were utilized (coded 1-33). Owing to space limitations, only
the **C chemical shift data of ten of the test compounds are
given in Table 1. A list of these (ten) compounds
(subsequently assigned codes 1-10) is provided in Appendix
A.

The first step was to determine if there were discernable
differences between the distribution of the **C data of whole
compounds and those of their skeletons. This is to determine if
there are specific ranges of *C chemical shift for eudesmane
skeletons thereby allowing quick elimination of the **C data
due to the substituents. To ascertain this, 3D-surface plots of
the data on Excel Sheets 1 and 2 were carried out and
compared (Figs 4a&b). It was observed from the plots that the
B3¢ data of the substituents are closely related to those of the
eudesmane skeletons making the distinction between both sets
of values difficult. This led to the exploration of artificial
intelligence methods in the prediction of possible **C values
for each of the 15 positions of the eudesmane skeleton. GRRN
has been previously employed successfully by the authors to
predict the substituents on the eudesmane skeleton [8]. It was
therefore used in the current study. The data were transferred
into the Neural Network toolbox of MATLAB 7.8.0 [18].
From the command window, the ‘nntool’ command was used
to designate the imported data appropriately as ‘input’ or
‘target” and to select the appropriate network for training.
GeneralizedRegression Neural networks (GRNN) was selected
for the training and subsequent simulation of the test
compounds. Least deviation of **C values from those of the
test compounds was obtained at a spread constant of 8.0. The
results obtained at this stage were used in the predicting the
substituent on the eudesmane skeletons for the test
compounds.

Since compounds used in the prediction of the °C
chemical shift values for each of the positions on the
Eudesmane skeletons possess some groups that are foreign to
the dataset used in [8], the original dataset used in training was
expanded from 291 to 377 (by adding the skeletal data of 86
compounds used in the current to the 291 used in previous
study).
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Additional codes were also introduced to accommodate
the new substituent types discovered in the compounds
adopted for the first portion of the current study (Appendix B).
The scatter plots of codes of substituents against chemical
shifts were re-plotted.

In predicting the substituents on the thirty-three (33) test
compounds using GRNN, the expanded dataset (**C skeletal
chemical shift values of the 377 compounds) were used as
input to the system. The corresponding substituent codes at the
different position on the eudesmane skeletons (of the 377
compounds) were used as the target data. The **C values
predicted for each position on the eudesmane skeleton of the
33 test compound (at the first stage of this study) were
simulated at different spread constant values. The best results
were observed at a spread constant of 7.0. Furthermore, the
results obtained using GRNN were compared with those got
using the chemical shift ranges for each substituent type
generated using scatter plots. In the Scatter plots method, the
most likely substituent type (over the possible Carbon ranges
for each of the 15 positions on the Eudesmane skeleton) was
selected. Finally, the percentage recognition of each of the
compounds using these procedures were determined from the
number of correctly predicted points relative to the total
number of positions on each compound.

Results and Discussion

A major key to a successful utilization of the previously
described procedures [8, 9] (Alawode and Alawode, 2014 ;
Alawode and Alawode, 2015) in achieving a complete
structural elucidation is to be able to separate **C data due to
the substituents from those due to the skeleton.
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It is also necessary to identify specifically the *C due to
each position on the skeleton. A cursory glance at the 3D plots
of whole eudesmanes and their skeletons (Fig. 3a and 3b)
shows that the **C values for whole eudesmane compounds
and the skeletal **C values fall within the same general ranges
(0-50, 50-100, 100-150, 150-200 and 200-250) making it
difficult to satisfy these conditions. Owing to the complexity
of the problem, it was subjected to Artificial Neural Network
procedures. ANNs are employed in pattern recognition
problems, especially those associated with prediction,
classification or control. In the current study, GRNN, an
architecture of ANN was utilized in the prediction of **C
values on the different positions of the eudesmane skeleton.
Compared to other ANN models, the GRNN is able to
converge to the underlying function of the data with only few
training samples available [19] (Sun et al.,2008).

m0-50

m50-100 100-150 m 150-200 m200-250

Fig 3a. 3D plot of 13C skeletal data.

Table 1. *C Chemical Shift Values of Test Compounds.

1 2 3 4 5 6 7 8 9 10
109 | 116 |124 | 177 | 147 |121 | 122 |149 | 134 | 207
125 | 125 197 | 224 | 206 |[144 |145 |20.7 [141 |214
233 [ 230 [ 226 [251 [206 [195 |159 |208 | 161 | 218
253 [ 312 [ 236 [288 [212 [208 |244 |213 | 186 | 255
393 | 335 [342 [293 |218 |267 |278 | 247 |206 | 26.7
412 |36.0 |404 [319 | 246 |332 |381 |287 |245 |303
417 | 412 | 462 [392 | 285 |418 |419 | 288 | 295 | 441
540 |428 |523 |489 |287 |428 |435 |391 |382 [501
815 |523 |546 |577 |391 |518 |532 |414 |401 [541
1259 | 525 | 699 | 720 | 413 |[665 |571 |416 | 403 | 67.7
128.4 | 782 | 794 | 734 | 414 | 777 | 662 | 499 | 436 | 692
1515 | 793 | 1253 | 754 | 495 | 779 | 713 |553 |594 | 702
155.1 | 110.3 | 162.0 | 143.2 | 551 | 1209 | 765 | 69.8 | 59.8 | 723
1774 | 1428 | 178.2 | 1454 | 69.7 | 126.8 | 785 | 712 | 682 | 726
186.0 | 179.4 | 201.2 | 201.3 | 71.1 | 128.1 | 1206 | 804 [ 712 | 77.3
0 0 0 0 80.2 | 1285 | 128.0 | 1183 | 714 | 848
0 0 0 0 172.3 | 1340 | 133.2 | 1283 | 71.8 | 91.7
0 0 0 0 0 138.2 | 1385 [ 1283 | 75.0 | 128.2
0 0 0 0 0 167.1 | 167.1 [ 128.9 | 125.0 | 128.2
0 0 0 0 0 169.4 | 168.9 | 128.9 | 125.8 | 128.3
0 0 0 0 0 0 0 130.6 | 134.6 | 128.3
0 0 0 0 0 0 0 134.3 | 142.6 | 129.3
0 0 0 0 0 0 0 1453 | 166.5 | 129.4
0 0 0 0 0 0 0 168.2 | 168.2 | 129.6
0 0 0 0 0 0 0 0 168.6 | 129.6
0 0 0 0 0 0 0 0 0 130.2
0 0 0 0 0 0 0 0 0 130.2
0 0 0 0 0 0 0 0 0 133.1
0 0 0 0 0 0 0 0 0 133.4
0 0 0 0 0 0 0 0 0 164.8
0 0 0 0 0 0 0 0 0 165.7
0 0 0 0 0 0 0 0 0 170.0
0 0 0 0 170.0
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Fig 3b. 3D plot of 13C Full Eudesmane Compounds.

Furthermore, since the task of determining the best values
for the several network parameters is difficult and often involves
some trial and error methods, GRNN maodels require only one
parameter (the spread constant) to be adjusted experimentally.
This makes GRNN a very useful tool to perform predictions and
comparisons of system performance in practice. Previous works
relating the predictive capability of GRNN to backpropagation
neural network and other nonlinear regression techniques
highlighted the advantages of GRNN to include excellent
approximation ability, fast training time, and exceptional
stability during the prediction stage [20, 21](Mahesh et al.,
2014; Schneider and Wrede, 1998). GRNN was able to predict
the **C chemical shift values for the different positions with
sufficient accuracy with values falling within ranges already
determined from the previous study using scatter plots [8, 9]
(Alawode and Alawode, 2015). Since neural networks generally
learn by examples, the quality or accuracy of their predictions
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will increase with increase in representation of the substitution
patterns of the test compounds in the **C chemical shift values
used for the training of the network. Predictions generally would
likely improve as “3C data available for training increase (as
substitution patterns in the compounds would certainly become
more diverse). Least deviation of *C values from those of the
test compounds was obtained at a spread constant of 8.0. The
actual and predicted *C chemical shift values for each of the
fifteen (15) carbon positions on the Eudesmane skeleton for ten
(10) of the test compounds are presented in Table 2. The **C
values for all the carbon atoms (comprising both the skeletal and
substituent carbon atoms) in each of the ten compounds have
been presented in Table 1.

In using the Scatter plots and GRNN approaches to predict
whether or not substituents are attached to each position of the
eudesmane skeleton (and the nature of the substituents), the
original dataset (used for the previous study) was expanded. The
new substituent types were coded as described previously [9]
(Alawode and Alawode, 2015). For the scatter plots approach,
the graphs of codes of substituents against **C chemical shift
values were re-plotted for each position (plots not shown).
Significant changes in the pattern of the plots (previously
published in [9]Alawode and Alawode (2015)) were observed at
Cs, Cy, and Cys. The new ranges were taken into consideration in
predicting the substituents on each position. Specifically, the
range within which the predicted **C chemical shifts values falls
for each position were identified and the most probable
substituent for that range selected for the position.

Table 2. Actual (A) **C Data of Test Compounds Versus the Predicted (P)

Values.

1 2 3 4 5

A 1P (A) P) (A) P) A (P) A | (P)
C1 155.1 | 155.0 | 78.2 77.9 201.2 | 2019 | 31.9 32 80.2 | 77.5
Cc2 125.9 | 126.0 | 31.2 31.3 125.3 | 125.1 | 25.1 25.8 285 | 28.3
C3 186.0 | 186.1 | 33.5 34.2 162 1516 | 75.4 73.3 41.3 | 40.0
C4 128.4 | 128.8 | 142.8 | 143.7 | 69.9 69.5 73.4 72.1 71.1 | 71.6
C5 1515 | 1519 | 525 52.7 54.5 53.7 48.9 49.0 55.1 | 53.0
C6 81.5 80.8 79.3 77.4 79.4 79.3 143.2 | 1435 | 69.7 | 68.0
C7 54.0 49.5 52.3 50.0 52.3 52.2 145.4 | 1448 | 495 | 49.7
C8 23.3 20.3 23.0 25.2 22.6 22.6 201.3 | 2015 | 20.6 | 24.6
C9 39.3 38.2 36.0 36.1 34.2 33.8 57.7 57.7 414 | 39.7
C10 | 41.7 41.5 42.8 419 46.2 46.2 39.2 39.2 39.1 | 40.1
Cl1 | 41.2 38.2 41.2 41.1 40.4 40.3 72.0 72.0 28.7 | 324
Cl12 | 125 9.9 12.5 14.0 12.4 12.4 29.3 29.3 20.6 | 22.0
Cl13 | 177.4 | 178.3 | 179.4 | 175.7 | 178.2 | 178.4 | 28.8 28.8 21.2 | 20.9
Cl4 | 253 25.2 11.6 11.8 23.6 23.0 17.7 17.7 14.7 | 13.9
C15 | 10.9 11.0 110.3 | 109.6 | 19.7 22.2 22.4 22.3 246 | 20.5

Table 2. (continues). Actual (A) 13C Data of Test Compounds Versus the
Predicted (P) Values.

6 7 8 9 10

A 1P 1A [P AW [P [A) [P |A) |P)
777 | 756 | 768 | 753 |804|845 | 714 | 717 | 726|765
26.7 | 326 | 278 |30.7 | 287|234 |245 | 247 | 67.7 | 2005
332 | 1183 | 381 | 333 |416 | 427|382 | 384 |441 | 547
1285 | 1333 | 713 | 1420 | 712 | 824 | 712 | 712 | 702|741
1268 | 51.3 | 571 | 520 |553 |57.2 |436 |436 |91.7 0913
779 [ 774 | 785 | 784 |698|695 | 750 |754 |69.2 694
51.8 | 535 |532 |533 |499]499 401 |406 |541]539
665 | 660 |66.2 |660 |208]232)|682 |683 |773 | 771
428 392 | 435 (403 |414 1330|718 | 724 723|721
418 |40.7 419 |426 |39.1]|483]|403 |40.7 |501]519
134.0 | 134.2 | 133.2 | 1344 | 28.8 | 29.3 | 134.6 | 135 84.8 | 85.8
120.9 | 119.2 | 120.5 | 119.4 | 21.3 | 21.6 | 125 124.7 | 26.7 | 26.5
169.4 | 169.9 | 168.9 | 169.9 | 20.7 | 20.6 | 168.6 | 168.7 | 30.3 | 30.3
195 [ 127 | 159 | 135 |[149 173|141 | 147 | 20.7 | 199
208 [ 264 | 244 |1106 | 247|225 | 295 |29.7 | 255 250
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Table 3. Comparison of % Recognition (A and B) of Test Compounds Using GRNN (GR) and Scatter Plot (SP) Methods.
1 2 3
POSITION | TEST GR SP TEST GR SP TEST GR SP
C1 Al Al Al B-OH B-OH B-OH Oxo0 Ox0 o
C2 - - - - - - A® A® -
C3 Oxo0 OXx0 Ox0 - - - - - A3
C4 A A? A A" A" A? 0-OH B-OH B-OH
C5 - - - - - - - ONic -
C6 a-Oxy a-Oxy a-OAC | a-Oxy a-Oxy a-OAC a-Oxy a-Oxy a-OAC
Cc7 - - - - - - - - -
C8 - - - - - - - - -
C9 - - - - - - - - -
C10 - - - - - - - - -
Cil p p p p p p p - p
C12 0x0,6 aOxy | Ox0,6 aOxy | ** 0x0,600xy | OFuc(OAc); | Ox0,0Me | Ox0,600xy | Ox0,600xy | **
C13 o B ** o O-trans-Cou | - o o el
Cl4 p p p p p B B i i
C15 - - B - - o B o B
A (%) 93.33 73.33 86.67 66.67 73.33 53.33
B (%) 100.00 80.00 86.67 73.33 93.33 60.00
A-With Stereochemistry, B-Without Stereochemistry, **outside all possible ranges for the position
Table 3. Comparison of % Recognition (A and B) of Test Compounds Using GRNN (GR) and Scatter Plot (SP) Methods.
4 5 6
POSITION | TEST | GR SP TEST GR SP TEST GR SP
C1 - - - OH, a-H | OCin | B-OH | B-OH B-OH B-OH
C2 - - - - - - - - -
C3 0-OH | a-OiBu | B-OAng | - - - - A® A®
C4 0-OH | OCin | B-OH o-OH B-OH | p-OH [ A* - A*
C5 o-H | B-Oxy |- - - - - o-H -
C6 A® A® A® B-OAc | B-OAc | B-OAc | 6aOxy aOxy a-OAC
Cc7 - - - - - - - - -
C8 Oxo Oxo0 Oxo o - - B-OANng OAng a-OAc/B-OBzt
C9 - - - - - - - - -
C10 - - - - - - - - -
C11 OH OH Oxy,a | B a B Al Al ATLB
C12 - - - - - - Oxo, 600xy | Oxo, 6a0xy | Ox0,0Me
C13 - - - - - - - - -
Cl4 B p B B - B B B B
Cl15 B p B B a B - - B
A (%) 80.00 73.33 60.00 80.00 73.33 60.00
B (%) 80.00 86.67 93.33 100 80.00 73.33

A-With Stereochemistry, B-Without Stereochemistry, **outside all possible ranges for the position

Table 3. Comparison of % Recognition (A and B) of Test Compounds Using GRNN (GR) and Scatter Plot (SP) Methods.
7 8 9
POSITION | TEST GR SP TEST GR SP TEST GR SP
C1 B-OH B-OH B-OH B-OH | B-O(a-OH-iVa) B-OH | B-OH B-OH B-OH
C2 - - - - - - - - -
C3 - - - - - - - - -
C4 o-OH AT A? B-OH | B-O(0-OH-iVa) B-OH | B-OH B-OH B-OH
C5 - a-H - - - - - - -
C6 600xy aOxy a-OAcC B- 02MeBu- o- B-Oxy B-Oxy o OAc
OCin | (2°0Ac,3’OH) OAc
C7 - - - - - - - - -
C8 B-OANg B-OAng o-OAC/p- - - - B- B- o OAc/ B-
OBzt OEpang OEpang OBzt
c9 - - - - - - 0-OAng | 0-OAng | B-OBzt
C10 - - - - - - - - -
Cc11 ALl AL An,ﬁ B o B AL AL AM’B
C12 Oxo, Oxo, Oxo0, OMe - - - Oxo, Oxo, Oxo,
600xy 600xy 6 BOxy 6 BOxy OMe
C13 - - - - - - - - -
C14 p B B B B B B B -
C15 B - *x a B B o o -
A (%) 80.00 60.00 66.67 86.67 100.00 53.33
B (%) 93.33 66.67 80.00 93.33 100.00 66.67

A-With Stereochemistry, B-Without Stereochemistry, **outside all possible ranges for the position
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Table 3. Comparison of % Recognition (A and B) of Test
Compounds Using GRNN (GR) and Scatter Plot (SP)

Methods.
10

POSITION | TEST GR SP
C1 B-OAc B-OAc B-OH
C2 B-OH Oxo Oxo
C3 - - -
C4 a-OH a-OH B-OH
C5 0Oxy, 11a | aOxy aOxy
C6 a OAc a OAc a OAc
C7 - - -
C8 a-OBzt a-OBzt a OAc/ B-OBzt
C9 a-OBzt a-OBzt B-OBzt
C10 - - -
Cl1 o BOxy, BOH | **
C12 B o -
C13 o o -
Cl4 B B B
C15 B B B

A (%) 73.33 40.00

B (%) 80.00 86.67

A-With Stereochemistry, B-Without Stereochemistry, **outside
all possible ranges for the position.

The scatter plot approach gives all the possible substituents
for each position with their corresponding likelihood of
occupying the position. The most likely substituent has been
selected in this study for the sake of simplicity and to create a
basis for comparison with the GRNN method. The substituents
predicted by both methods for the ten (10) compounds are
shown in Table 3. It is quite possible that the actual substituent
for a particular position (within a specified range on the table)
has a lesser likelihood of occupying the position. This may
affect the accuracy of prediction given by the scatter plot
method in this study. Also, a study of the table indicated
positions on the eudesmane skeleton of some of the compounds
under study where predicted values fall outside all the possible
ranges for such positions as shown on the Table (indicated by
**). This is due to the fact that the chemical shift ranges for each
position were obtained from a plot of codes of

substituents against chemical shift values for specific
eudesmane compounds while the values being compared with
the ranges are predicted values. Unlike the scatter plot method,
GRNN predicted substituents for all the 15 position for all the
test compounds. The degree of recognition of the test
compounds (from both methods) ranged between 40 and 100%.
Again, as indicated earlier, the quality of prediction would likely
increase as more training data become available. Percentage
recognition generally increased when the stereochemistry (o or
B) of the substituents were not considered. The GRNN method
showed a slightly better result than the scatter plot method
(subject to the limitation that the most likely substituent for the
specified range for each position is the actual substituent).

This procedure may be very useful in elucidating structures
of unknown eudesmane compounds.
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