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ABSTRACT. Relative retention times (RRTs) of PAH molecules in HPLC are trained and predicted in
testing sets using a multiple linear regression (MLR) and an artificial neural network (ANN). The main
descriptors in QSRR are molecular connectivity (‘Y. %x.), the length-to-breadth ratios (L/B), and molecular
dipole moment(D). L/B which is related with slot model is a good descripter in ANN, but isn't in MLR.
Varainces which show the accuracy of prediction for retention times in testing sets are 0.0099, 0.0114 for ANN

and MLR, respectively. It was shown that ANN can exceed the MLR in prediction accuracy.
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Table 1. Descriptors used in PAH molecules

descriptors physical meaning
L/B length-to-breadth ratio
Ay molecular connectivity
. molecular connectivity
D molecular dipole moment

Table 2. RRTs and the input data for PAH molecules in the training set, where the solvent is gradient acetonitrile (50/70/1)

name RRTs of PAH L/B 1 2 D
naphthalene 1.000 1.24 3.405 2.732 0.009
acenaphthalene 1.175 1.08 4.149 2.584 0.263
2-nitrofluorene 1.317 1.77 5.111 3932 5.749
acenaphthene 1.518 1.06 4.445 3.226 0.081
fluorene 1.562 1.57 4.612 3.448 0.093
phenathene 1.684 1.46 4815 3.363 0.036
I-nitropyrene 1.938 1.08 6.605 6.605 5.448
3-nitrofluoranhene 1.998 143 6.071 6.071 6.63
fluoranthene 2.099 1.22 5.565 4.399 0.22
chrysene 2.709 1.72 6.226 4.335 0.005
benzo(a)anthracene 2.781 1.58 6.220 4.335 0.067
benzo(b)fluoranthene 3317 1.40 6.976 5.150 0.286
benzo(a)pyrene 3.463 1.50 6.976 5.123 0.049
dibenz(a, h)anthracene 3.947 1.79 7.637 5.579 0.067
benzo(g, h, i)perylene 4.096 1.12 7.720 5.742 0.097
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Table 3. RRTs and the input data for PAH molecules in the testing set, where the solvent is gradient acetonitrile (50/70/1)

relative retention

name time of PAH LB ! 2 D
9-nitroanthancene 1.518 1.42 5.320 3.925 5226
anthracene 1.803 1.57 4.809 3.380 0.007
pyrene 2.208 1.27 5.559 4.123 0.013
benzo(k)fluoranthene 3.402 148 6.970 5.166 0.092
indeno(1,2,3-cd)pyrene 4.096 1.40 7.720 5.723 0424
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L/B Y o D 0\ e ©
v v N 3
L/B 1.000 LL
e 02361 1.000 / 12 \ A
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Fig. 1. Structure of l-nitronaphthalene. The values of delta
are calculated for hetero atoms.
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Fig. 2. Three layer back propagation neural network topol-

ogy in training.
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Table 5. Statistical parameters in multiple linear regression for
PAH molecules in the training set, where the solvent is gra-
dient acetonitrile (50/70/1)

indexes of statistical RRTs for PAH
parameters molecules

Intercept -1.824

Xt 0.747

D -0.121

F 406.0

R? 0.985

R, 0.982

Predicted RRT
N

0.5 1 15 2 25 3 35 a 45
Observed RRT

rn N mdel = MR l

Fig. 3. Plot of predicted RRTs vs. observed RRTs for the
PAH moelcules in the training set in ANN and M.L.R, where
the solvent is gradient acetonitrile (50/70/1) in HPLC.
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Tuble 6. The bond weights from the input layer to the hidden
layer for BPN in the training set

descriptor(j) iy L Ay 2 g .
bond weight L/B(=1) "%(=2) “x.(=3) D(j=4)
Wi -0.11675 0.6331 0.2131 -02215
Wiz 0.132 0.7268 0.1821 -0.2467
Win -0.03617 04349 0.0127 -0.0909

Table 1. The bond weights from the hidden layer to the output
layer for BPN in the training set

hidden layer
number(k)

Wkt -0.02475

I 1l I bias

02851 07164 0.1119
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Fig. 4. Plot of predicted RRTs vs. observed RRTs for the
PAH moelcules in the testing set in ANN and M.L.R, where
the solvent is gradient acetonitrile (50/70/1) in HPLC.

Table 8. Comparison of results between ANN and MLR for
the training and testing sets

training set testing set
NN MLR NN MLR

0.0047 0.01422 00099 0.0114

variance

the number of

datasets (N) 15 3
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