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ABSTRACT: This study seeks to elucidate of structures of
unknown Guaiane sesquiterpenes from their **C chemical
shift values using Generalized Regression Neural Network
(GRNN) and scatter plot methods. The *C values for each
of the fifteen (15) positions of the skeletons of the Guaiane
sesquiterpenes were predicted using GRNN. From these
predicted values, the substituents attached to each of the
positions were predicted using GRNN and Scatter Plot
methods. In predicting the skeletal *C values, the **C data
of 116 Guaiane sesquiterpenes were used as input to
GRNN while their corresponding data were used as the
target data. The network was trained and simulated using
twenty-five (25) test compounds. The best results were
obtained at a spread constant of 5.0. In predicting the
substituents on each position on the skeleton using the
GRNN approach, the predicted **C skeletal values of the
test compounds were simulated following training of the
GRNN using skeletal data of the 116 compounds as input
data and their corresponding substituents (given codes) as
the target data. The best results were obtained at a spread
constant of 5.0. In the Scatter Plots method, graphs of
codes of substituents for the 116 guaiane sesquiterpenes
were plotted against the corresponding **C chemical shift
values of the skeletal Carbon to which they were attached.
This gave the range of values over which each substituent
may be obtained. The most likely substituent(s) for each
position were selected. The degree of recognition of the test
compounds (from both methods) ranged between 46.67 and
100%. Both methods gave similar recognition rates for the
test compounds. GRNN and Scatter plots demonstrated
great potential for use in the structural elucidation of
unknown compounds from **C values.

KEYWORDS: GRNN, Scatter plots, structural
elucidation, **C, Guaiane sesquiterpenes

1. INTRODUCTION

Characterization of  structures of bioactive

compounds isolated from plants and other sources is
central to the success of any research in natural
products chemistry. To this end, several research
efforts have been directed at simplifying the process
of structures of compounds isolated from nature
(utilizing expert systems) have been described
several authors including Emerenciano et al. [E+93],
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Oliveira et al. [O+00], Alvarenga et al. [A+97], and
Macari [M+94]. The current study explores GRNN
(an architecture of Artificial Neural Networks) and
Scatter plot procedures in elucidating the structures
of Guaiane sesquiterpenes. The Guaiane skeleton is
shown in Figure 1.

Fig.1: Guaiane skeleton

Typical substituents found in sesquiterpenes have
been published by Wu et al. [WSH06] and
Rodrigues et al.[RCE97]. The theories of ANNs and
GRNN and their applications have been discussed
by several authors including Scotti et al. [S+12],
Hannan et al. [HMR10], Specht [Spe99], Aires-de-
Sousa et al.JAHGO2], Binev and Aires-de-
Sousa[BAO04] and Fraser and Mulholland [FM99].

2. METHODOLOGY

A total of 141 Guaiane-type sesquiterpenes were used
in the current study. Of these total, twenty-five
compounds were used as the test data. Owing to space
limitations, the *C chemical shift data of ten of the
test compounds (arranged in ascending order) are
given in Table 1. The names of the compounds are
provided in Appendix A. The remaining compounds
were used in training the network. The **C spectral
data used were extracted from structures of Guaiane
sesquiterpenes published by Atta-ar-Rahaman and
Ahmad [RA99]. In order to achieve a complete
structural elucidation of the test compounds, the study
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was carried out in two stages. The first stage involves
separating the **C data due to the substituents from
those due to the skeleton and identifying specifically
the **C due to each position on the skeleton. To solve
this problem, GRNN was employed. The **C data of
the training set were entered in ascending order in an
Excel sheets. In order to ensure equal number of entry
for all the compounds, the difference in *C data was
made up with zeroes for deficient compounds. The
corresponding skeletal data for each of the 15 carbon
position of the each of the compounds were entered
on a second excel sheet and used as the target data. A
third excel sheet prepared like the first sheet contains
the **C data for the test compounds. The data were

transferred into the Neural Network toolbox of
MATLAB 7.8.0 [Mat09a]. 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.
Generalized Regression Neural networks (GRNN)
was selected for the training and subsequent
simulation of the test compounds. Least deviation of
BC values from those of the test compounds was
obtained at a spread constant of 5.0. The predicted
skeletal data for each of the test compounds were
used as the test data for the second phase of the work.

Table 1. *C Chemical Shift Values of Test Compounds

1 2 3 4 5 6 7 8 9 10
206 359 130 133 174 121 174 121 142 122
219 390 242 187 369 127 21.0 255 145 347
222 400 275 193 388 144 393 289 174 412
227 413 295 228 458 148 483 321 361 412
229 493 362 406 476 202 538 372 476 452
285 727 428 526 485 260 564 440 524 475
397 731 486 545 527 367 582 504 553 543
520 850 528 590 530 370 596 526 56.0 626
559 1080 716 594 542 411 690 626 563 716
598 1120 771 654 692 510 791 715 564 7438
727 1191 784 784 751 776 813 732 573 750
79.9 1410 1423 1200 755 79.7 1194 750 674 786

1346 1535 1686 1324 774 849 1222 785 763 787
142.1 1553 1766 1342 1179 1280 1274 787 811 812
2029 170.2 2055 1355 1220 1309 1299 855 1225 1021

0 0 0 1453 138.2 1381 1349 1018 1275 1129

0 0 0 167.7 1431 1553 1421 1136 1290 116.5

0 0 0 168.7 1692 1672 1473 1185 1316 1165

0 0 0 169.0 1704 1795 1476 1420 1342 1173

0 0 0 194.7 0 1975 1655 1514 1418 1218

0 0 0 0 0 0 169.6 1701 1454 1256

0 0 0 0 0 0 1714 0 1495 131.0

0 0 0 0 0 0 0 0 1653 131.0

0 0 0 0 0 0 0 0 166.6 138.2

0 0 0 0 0 0 0 0 1695 1433

0 0 0 0 0 0 0 0 0 1514

0 0 0 0 0 0 0 0 0 1583

0 0 0 0 0 0 0 0 0 169.2

0 0 0 0 0 0 0 0 0 171.2

Having predicted the skeletal data for each of the
fifteen (15) Carbon positions on the Guaiane
skeletons of the test compounds, the second stage of
the work involving the prediction of the substituents
attached to each of these positions was carried out.
To achieve this, two procedures (GRNN and Scatter
Plots) were employed and their degrees of accuracy
compared. In the GRNN approach, the target data in
the first part of the study was used as the training
data. In preparing the target data for the second
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stage, the substituents for each of the 15-carbon
positions (for the 116 compounds used in training)
were entered (as codes) in place of the **C chemical
shift values for the compounds. The procedures for
converting substituents to codes have been described
previously by Alawode and Alawode [AA14]. The
test data utilized at this stage are those *C predicted
for each of the 15 positions on the Guaiane skeletons
for the test compounds from the first stage. After
training, the network was simulated using the test
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data. The best results were obtained at a spread
constant of 5.0. In the Scatter Plots approach, scatter
plots of the codes of the substituents against the
corresponding **C values for each of the 15 Carbon
positions were obtained. From the patterns obtained
on the graphs, *C ranges over which each
substituent may be observed for each of the carbon
positions were determined and a reference table of
values generated (Table3). The likelihood (in
percentages) that a particular substituent would
occupy a particular position within a chemical shift
range is given in parenthesis in front of each
substituent type. This table was then utilized in
assigning possible substituents to each of the
positions of the skeletons of the Guaianes tested.
While the table lists all the possible substituents for
each position on the skeleton within particular **C
chemical shift ranges, the most likely substituents

(for simplicity) were assigned for this study. The
scatter plot diagrams are shown in Appendix B.

3. RESULTS AND DISCUSSION

In the current study, GRNN, was utilized in the
prediction of **C values on the different positions of
the guaiane skeleton. GRNN is a very useful tool to
perform predictions and comparisons of system
performance in practice especially since the model
require only one parameter (the spread constant) to
be adjusted experimentally. Also, the model has
excellent approximation ability, fast training time,
and exceptional stability during the prediction stage
(Mahesh et al [MKS14]; Schneider and Wrede,
[SW98]). A comparison of the actual *C skeletal
data of the test compounds with the values predicted
by GRNN is shown in Table 2. The best results were
obtained at a spread constant of 5.0.

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

1 2 3 4 5

A B A P A P A P @A) P

Cl 559 534 413 452 1423 1437 1342 1326 458 46.0

C2 229 252 390 392 2055 206.6 1947 1949 38.8 38.9

C3 285 274 731 737 528 510 1355 1359 755 755

C4 799 824 1553 1524 771 754 168.7 169.1 69.2 694

C5 520 517 493 513 1686 166.1 545 530 527 532

c6 397 370 850 790 784 763 784 786 774 775

C7 1346 1340 359 510 486 478 526 551 476 4738

C8 2029 203.0 400 719 242 238 654 656 751 753

C9 598 502 727 413 362 358 406 411 369 364

C10 7277 73.2 1535 1427 716 717 1453 1458 143.1 1427

Cl11 1421 143.7 141.0 1381 428 426 1324 1343 138.2 138.6

Cl2 219 221 170.2 1699 176.6 1764 169.0 167.8 169.2 169.1

C13 222 228 1191 1232 13.0 128 120.0 1204 1220 1211

Ci4 206 323 1120 1171 275 272 228 231 1179 118.0

C15 227 250 108.0 1132 295 269 187 19.7 485 48.6
Table 2(continues). Actual (A) °C Data of Test Compounds Versus the Predicted (P) Values

6 7 8 9 10

A P A FE A (P) A P A (P
Cl1 1553 155.1 538 506 504 543 553 546 463 452
c2 36.7 37.0 79.1 802 321 300 763 746 384 347
C3 716 T1.7 1299 126.1 1514 1048 129.0 1288 80.2 1514
C4 79.7 80.0 1473 1479 1136 1452 1495 1488 1495 1129
C5 510 514 56.4 558 526 530 524 519 524 543
C6 250 251 813 800 85 836 818 820 786 812
C7 414 414 483 479 440 431 476 472 473 475
C8 849 850 69.0 683 255 245 674 67.2 746 748
C9 1975 1978 393 390 372 333 361 362 369 412
C10 1309 1315 1421 1387 732 808 56.0 73.6 1432 1433
Ci1 37.0 36.8 1349 1337 1420 1425 1342 1346 139.0 138.2
Cl2z 1795 179.7 1696 169.1 1701 1703 1695 169.8 169.1 169.2
C13 12,7 127 1222 1225 1185 1183 1225 1218 1212 12138
C14 148 149 1194 1201 289 280 563 550 1175 1173
Ci15 20.2 20.3 174 172 121 374 174 179 1151 12.2
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Table 3: Chemical Shift Ranges For Substituents on the Guaiane Skeleton

Skeletal  Chemical Shift Codes of substituents (%0)
Carbon  Range
C1 33.4-65.2 Nil (95.77), oH(1.41), 1aOxy,10aOxy(1.41), C;-Cg (1.41)
74.1-98.7 (isolated)  Nil(14.29), aOOH(14.29), 1aOxy,800xy(28.57), 1p0Oxy,20xy(14.29), C;-
0-0-C, (14.29), aC;-0-0-C,0(14.29)
125.2-159.4 A'(13.89), A' (72.22), 100xy,1000xy(2.78), A**(11.11)
C2 21.4-47.8 Nil (100)
70.1-80.2 BOH(50), aOH(20), aOAc(10), BOAc(10), pOxy (10),
86.4 1BOxy,20xy (isolated)
124-133.6 Nil(50), A%(50)
194.3-209.1 Oxo (95.83), Nil(4.17)
C3 27.4-65.3 Nil(100)
63.1-87.3 BOH(26.67),a0H(10), OH(3.33),a0Ac(3.33), BOAc(10), BOGly(10),
0x0(3.33), aOAng(6.67), p-a-OMeAcr-(4’OH) (3.33), B-OMeAcr(3.33),
H,aOH(3.33), 3a0xy,400xy(13.33), 30xy,4p0xy (3.33) ,
125.2-147.2 A*(88.37), Nil(4.65), A® OH(2.32), A® OGly(4.65)
206.9-218.9 Oxo (100)
C4 30.1-45.3 Nil(100)
62.3-69.7 40xy,50xy(9.09), 400xy,500xy(18.18), 3a0xy,400xy(54.55),
400xy,1500xy(9.09), 158, 400xy,1500xy(9.09)
74.2-78.5 Nil(33.33), 3pOxy,4BOxy(16.66), aC;-0-O-Cqa (50)
79.5-87.4 BOH(16.67), aOH(58.33), P(16.67), OH(8.33)
112.3-112.9 Nil (isolated)
134.5-157.9 Nil(44.44), A*(24.44), A*®(31.11)
165.1 Nil (isolated)
168.3-171.6 Nil (100)
177.7 Nil (isolated)
178.6 Nil (isolated)
180.4 () Nil(isolated)
C5 30.7-68.0 Nil (89.06), aH(7.81), 4a0Oxy,500xy(3.13)
80.8-84.7(isolated)  aOH(3), OH(3), 8BOH,5BOxy,8p0xy(1)
127.7-175.9 Nil(70), A°(25), A*(5)
C6 10.0-39.9 aOxy(5), Nil(90), C;-C4(5)
68.8-86.0 aOxy (93.33), POxy(5), BH, aOH(1.67)
119.5-130.6 Nil(4)
153.3 Oxy (isolated)
197 Oxo (isolated)
c7 29.7-75.6 Nil (97.20), aH(1.87), 70xy,1100xy(0.93)
119.8-150.9 A"MD(85.71), A'(14.29)
C8 23.5-41.0 Nil (100)
62.4-85.5 Nil(1.49), «OH(14.93), BOH(2.98), aOAc(4.48), BOAc(1.49), BOxy(5.97),
aOxy(4.48), Oxy(10.45), aOiBu(1.49), B-OEpang(2.98), OAng(1.49),
aOAng(7.46), BOAng(4.48), a-OMeAcr-(4’OH)(1.49), B-OTig(2.98),
aOMeAcr(4.48), aEpBu'(4.48), B-4,5-diOH-Tig(2.98), B5[5-OH-Tig]-
Tig(4.48), 1a0Oxy,8a¢0xy(2.98), aOAc,BH(1.49), p-4-OH-Sarr(1.49), B-
40H-Tig(1.49), aH,p-4,5-diOH-Tig(1.49), p-2,3-diOH-MeBu(1.49), p-
40H-5ac-Tig(1.49), a-p-OH-phenyl-ac(2.98)
97.8 8 BOH, 5p0xy,8B0xy(isolated)
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124.8 Ag(isolated)
158.3 Oxy(isolated)
199-204.6 Ox0(100)
C9 28.8-53.9 Nil(98.63), p-OEpang(1.37)
69.5-73.8 0OH(42.86), POH(14.29), aOAc(14.29), aOAng(28.57)
80.6 aOGly (isolated)
98.4 aOAc (isolated)
122.6-133.6 A%19 (87 5), AT (12.5)
143.8 Nil(isolated)
197.8-198.3 Oxo (100)
C10 27.2-41.4 Nil(100)
55.6-82.5 OH(20), aOH(36), POH(12), BOAc(4), aOGly(12), laOxy,1100xy(4),
10a0xy, 1400xy(12)
93.6-93.7 aOH(100)
125.3-159 Nil(54.24), A (44.07), A"™9(1.69)
C11 36.8-47.1 Nil(53.33), p(43.33), aMe(3.33)
55.9 B (isolated)
61.8 70xy,1100xy (isolated)
73.9-74.0 Nil(isolated)
76.8 11B,11aOH (isolated)
77.8 B, aOAng (isolated)
78 11B, 11a0Ac (isolated)
85 B
99.6 Nil (isolated)
119.2-150.3 Nil(6.25), A™(35.94), A™,B(57.81)
Ci12 19.0-28.3 Nil(100)
109.0-113.6 Nil (100)
138.4 80xy,120xy (isolated)
167.5-180.9 OAc(1.61), Oxo,0H(4.84), Ox0,80xy (8.06), Ox0,8B0xy (3.22),
0x0,60xy(3.22), 0x0,600xy(69.35), Ox0,60xy(9.68)
C13 8.8-29.3 Nil(41.46), a(29.27), (29.27)
63.2-65.9 OH(75), OAc(25)
116.9-126.5 Nil(100)
C14 12.1-32.3 Nil(43.33), a(23.33), B(33.33)
54.7-56.2 (isolated) ~100Oxy, 1400xy (60), CI(20), BCI(20)
69.5 BOH (isolated)
71.4 B-50H-Tig (isolated)
109.5-120.1 Nil(100)
169.5 (isolated)
170.3(isolated)
C15 7.6-30.9 Nil(100)
48.4-69.4 OH(20), OAc (10), OGly(40), 460xy,1500xy(10),
15B,400xy,1500xy(10), BCI(10)
105.1-121.6 Nil (100)
186.6 Oxo (isolated)

Table 4 compares the substituent predicted from
both procedures (GRNN and Scatter Plots) with the
actual substituents on the ten test compounds earlier
selected. The percentage recognition of the
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compounds ranged between 46.67% and 100% for
the GRNN and scatter plot methods. Also, for some
positions on the guaiane skeleton of some of the test
compounds in the Scatter plots approach, the
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predicted °C skeletal values fell outside all the obtained using both methods are only slightly
possible ranges for such positions. This may be due different from each other. Percentage recognition
to a poor representation of the substitution patterns generally increased slightlty ~ when the
of the affected test compound in the training set. stereochemistry (a or B) of the substituents were not
Generally, recognition rates of the test compounds considered.

Table 4: 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 N N N N N N ALG) ALE) ALI0)
Cc2 - - - - - - Oxo Oxo Oxo
C3 - - - BOH OCin BOH - - -
C4 BOH BOH a«OH  A*® A - OH oOH  aC,00
C4(1
C5 - - - - - - - - -
C6 - - - aOxy aOxy aOxy aOxy aOxy aOxy
C7 A7(ll) A7(11) A7(11) _ _ _ _ _ _
C8 Oxo Oxo Oxo - OGly- aOH - - -
2,
6’-OAC)
C9 - - - aOH - - - - -
C10 aOH OH oOH AY AT - OH OH aOH
c11 _ _ All,B All’B - AllaB _ _ _
C12 - - - Oxo, Oxo, Oxo, Oxo, Oxo, Oxo,
6 aOxy 600xy 600xy 6a0Oxy 60a0Oxy 60aOxy
C13 - - - - - - a a -
C14 B o - - - - o o -
C15 o o - - - - o - -
A 86.67  73.33 73.33 73.33 86.67 60.00
B 100.00 93.33 73.33 73.33 100.00 86.67

**outside scope A- With Stereochemistry, B- Without Stereochemistry

Table 4 (continues): Comparison of % Recognition 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 ALG) ALG) AT . N . ALG) ALG) AL0)
C2 Oxo Oxo Oxo - - - - - -
C3 A’ A’ A? BOH BOH BOH  oOTig  P-Nor BOH
C4 - - - 15B,400x 4pOxy,1  300xy, aOH aOH aOH
y,1500xy  5BOxy  40Oxy
C5 - - - - - - - - -
C6 aOxy aOxy aOxy aOxy aOxy aOxy - - -
Cc7 - - - - - - - - -
C8 OEpang lla, aOH aEpBu' 1o, aOH Oxy Oxy aOH
6pOxy 6p0Oxy
C9 - - - - - - Oxo Oxo Oxo
C10 _ _ _ A10(14) A10(14) _ _ _ _
c11 Al — AllaB AllaB All,ﬁ All,[} } _ )
C12 Oxao, Oxao, Oxao, Oxao, Oxao, Oxao, Oxao, Oxao, Oxao,
600xy 600xy 6a0Oxy 600xy  6aOxy  600Oxy 80xy 80xy  6aOxy
C13 - - - - - - B B -
C14 - - - - - - - - -
C15 - - - 15B,400x 4pOxy,1 OGly § B -
y,1500xy  5BOxy
A 86.67  80.00 80.00 73.33 93.33 60.00
B 86.67  86.67 93.33 73.33 93.33 73.33
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**outside scope of ranges predicted by scatter plots method A- With Stereochemistry, B- Without
Stereochemistry

Table 4 (continues): Comparison of % Recognition 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 - - - - - - - - -
C2 BOH BOAc BOH - - - BOH BOH BOH
C3 A A’ A* A% OGly A® *x A A? A?
C4 - - - - - - - - -
C5 - - - - - - - - -
C6 aOxy aOxy  aOxy aOxy aOxy  aOxy aOxy aOxy aOxy
C7 - BOH - - - - - - -
C8 B-40H-  B-4,5- aOH - - - B5[5- B5[5- aOH
Tig diOH- OH- OH-
Tig Tig]-Tig Tig]-Tig
C9 - - - - - - - - -
C10 A AL - aOH o- aOH 10aOxy, aOH aOH
OGly 1400xy
C11 AllaB Al AllaB All’ﬁ AllsB All’ﬁ AlL AllaB All’B
C12 Oxo, Oxo, Oxo, Oxo, Oxo, Oxo, Oxo, Oxo, Oxo,
600xy 600xy 600xy 600xy 600xy 600xy 600xy 600xy 600xy
C13 - - - - - - - - -
C14 - - - B B - 10aOxy, BCl 10aOxy,
1400xy 1400xy
C15 - - - - - *x - - -
A 73.33  86.67 86.67  80.00 80.00 80.00
B 80.00 86.67 86.67 86.67 86.67 86.67

**outside scope of ranges predicted by scatter plots method A- With Stereochemistry, B- Without
Stereochemistry

Table 4 (continues): Comparison of % Recognition of Test Compounds Using GRNN (GR) and Scatter Plot (SP) Methods

10

POSITION  TEST GR SP
Cl - - -
C2 - - -
C3 BOGly A®, OGly ok
C4 %) _ )
C5 - - -
C6 aOxy aOxy aOxy
C7 - - -
C8 a-p- BH,OH aOH

OH-

phenyl

-ac
C9 - - -
C10 A10(14) A10(14) _
Cc11 All,ﬁ All,[} All,B
C12 Oxo, Oxo, Oxo,
600xy 600xy 600xy
C13 - - -
Cl4 - - -
C15 - - -
A 80.00 73.33
B 80.00 73.33

**outside scope of ranges predicted by scatter plots method A- With Stereochemistry, B- Without
Stereochemistry
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CONCLUSION

Generalized Regression Neural Network and Scatter
Plots methods have proved to be useful in the

elucidation

of structures of  Guaiane-type

sesquiterpenes. The study would be expanded to
other classes of natural products in order to establish
the suitability of the procedures in determining their
structures from **C NMR chemical shift values.
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Appendix A. List of Test Compounds

Code

Name

~NOoO ol WN P

[N
5 oo

Zedoarondiol
9a-Hydroxyzaluzanin C
Artabsinolide B (10)
Sesquiterpene HG-I
Subluteolide
3-O-Tigloylcarolenalone
8p-(4’-Hydroxy-5’-acetoxytigloyloxy)-
Preeupatundin
Prenantheside A
Desacetylspicatin
Crepiside F

Appendix B. Scatter Plots of Codes of
Substituents against *C Chemical Shift values
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