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Abstract

Quantitative structure–retention relationship(QSRR) method was used to model reversed-phase high-performance
liquid chromatography (RP-HPLC) separation of 18 selected amino acids. Retention data for phenylthiocarbamyl
(PTC) amino acids derivatives were obtained using gradient elution on ODS column with mobile phase of varying
acetonitrile, acetate buffer and containing 0.5 ml/l of triethylamine (TEA). Molecular structure of each amino acid
was encoded with 36 calculated molecular descriptors. The correlation between the molecular descriptors and the
retention time of the compounds in the calibration set was established using the genetic neural network method. A
genetic algorithm (GA) was used to select important molecular descriptors and supervised artificial neural network
(ANN) was used to correlate mobile phase composition and selected descriptors with the experimentally derived
retention times. Retention time values were used as the network’s output and calculated molecular descriptors and
mobile phase composition as the inputs. The best model with five input descriptors was chosen, and the significance
of the selected descriptors for amino acid separation was examined. Results confirmed the dominant role of the
organic modifier in such chromatographic systems in addition to lipophilicity (log P) and molecular size and shape
(topological indices) of investigated solutes. © 2002 Published by Elsevier Science B.V.
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1. Introduction

The basic concept of chemistry is that there is a
relationship between bulk properties of com-
pounds and their molecular structure. This pro-
vides a connection between the macroscopic and
the microscopic properties of matter. The predic-
tion of physicochemical and biological properties
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of organic molecules is the main objectives of the
quantitative structure–property/activity relation-
ships (QSPRs/QSARs) [1]. QSPRs/QSARs are
mathematical models that attempt to correlate the
molecular structure of compounds and their bio-
logical, chemical, and physical properties. Among
the most extensively studied properties are the
chromatographic ones. It is considered that the
same basic intermolecular interactions determine
the behavior of chemical compounds in both bio-
logical and chromatographic environments [2].
Predicting chromatographic behavior from molec-
ular structure of solutes resulted in the quantita-
tive structure–retention relationships (QSRR)
methodology. QSRR [3] are statistically derived
relationships between the chromatographic
parameters determined for a representative series
of analytes in given separation systems and the
molecular descriptors accounting for the struc-
tural differences among the investigated analytes.
Such relationships may provide insight into the
molecular mechanism of separation in a given
chromatographic system, generate knowledge
about the various interactions taking place be-
tween the solute and the stationary phase, evalu-
ate physicochemical properties of analytes and
identify the most informative structural descrip-
tors. QSRR can be used to predict relative biolog-
ical activities within a set of drugs, and to predict
the retention of the solutes in a mixture and thus
to optimize chromatographic separation [4]. An-
other area that can benefit from the QSRR ap-
proach is structure testing, e.g. the predicted
retention of a hypothetical structure could be
compared with the actual retention of the un-
known component.

Three main types of QSRR have been em-
ployed. The oldest type correlates logarithms of
retention factors (log k) with the logarithms of
n-octanol–water partition coefficients (log P) [5].
The second type of QSRR is based on the solva-
tochromic comparison method and the so-called
linear solvation energy relationships (LSERs) [6–
8]. The third type of QSRR equation describes the
chromatographic retention values in terms of
quantum chemical indices and or other structural
descriptors from calculation chemistry [9,10].
High-performance liquid chromatography

(HPLC) retention data have been used as a
pseudo-molecular descriptor to estimate the water
solubility of aromatic hydrocarbons and organic
non-electrolytes [11], hydrophobicity or octanol–
water partition coefficient (log P) [12,13] and for
accurate estimations of pKa [14,15]. Computer
simulation methods were used to predict separa-
tion as a function of simultaneous change in pH
and solvent strength for reversed-phase high-per-
formance liquid chromatography (RP-HPLC)
[16,17].

The major aim in this study was to develop
QSRR, via artificial neural network (ANN) as
data modeling tool, capable to predict and de-
scribe the retention capability of 18 amino acids
in a given RP- HPLC system. The usefulness of
ANNs for modeling retention times in HPLC
optimization to correlate the chromatographic be-
havior of solutes (capacity factors) with mobile
phase composition and pH has been previously
investigated [18].

The structure and biological properties of a
protein are determined by the primary sequence
of amino acids. The principal source of variation
between proteins is the length (and hence molecu-
lar weight) and the sequence of amino acids. In
order to obtain the primary sequence of a protein
it is usually necessary to determine the amino acid
content of the protein after hydrolysis. The amino
acids liberated by hydrolysis can be identified and
quantified using chromatographic methods. Tra-
ditional methods of analysis involve ion-exchange
chromatography and ninhydrin detection. Mod-
ern chromatographic approaches are based upon
HPLC using hydrophobic ‘reverse phase’
columns. Several derivatisation methods are in
common use: such as dansyl derivatives [19], dab-
syl [20], o-pthalaldehyde (OPA) [21] derivatives,
phenylisothiocyanate (PITC) derivatives [22–25]
or 9-fluorenylmethyl chloroformate (Fmoc) [26]
derivatives. Not all amino acids can be detected
with the same sensitivity, different derivatisation
chemistries giving differential sensitivity. For ex-
ample, OPA– lys derivatives are unstable and
OPA cannot detect proline or hydroxyproline un-
less they are previously oxidized with sodium
hypochlorite. PITC derivatisation is not very
good at detecting cysteines as cysteic acid and
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other forms of cysteine resulting from hydrolysis
give poor separation on HPLC. Despite this,
PITC derivatisation is extensively used precolumn
derivatization reagent for amino acids followed by
RP-HPLC. It provides greater efficiency, sensitiv-
ity down to picomole level, ease of use and higher
speed of analysis as well as specificity for primary
and secondary amines.

HPLC separation of amino acid derivatives can
generally be accomplished by using acetonitrile as
the organic modifier and gradient elution on re-
versed phase octadecylsilane column. Acetonitrile
is the preferred organic solvent because of its low
viscosity, relatively high volatility, UV transpar-
ency and high degree of selectivity. The develop-
ment of the elution profile can be often very
tedious and time-consuming. Besides, the gradient
profile can vary from column to column. By
combining HPLC with ANN, a gradient profile
for a complex mixture can be obtained, thus
making the prediction easier to achieve.

1.1. Artificial neural networks

An ANN is a biologically inspired computa-
tional model that simulates the way in which
human brain processes information. The network
learns through experience with appropriate learn-
ing exemplars by detecting the patterns and rela-
tionships in data, not from pre-programming. An
ANN is constituted from hundreds of single units,
artificial neurons, organized in layers and con-
nected with adjustable coefficients or weights.
There is always one input, one output layer and
there should be at least one hidden layer between
them. Each PE has weighted inputs, transfer func-
tion and one output. The strength of connections,
called weights act like a synaptic strength. The
number of hidden units is optimized. The number
of hidden units influences the number of connec-
tions. The more weights, the more powerful the
network, and the more training data are needed
to adequately train the network. The smallest
model that is not significantly improved with ad-
ditional hidden units or hidden layers will provide
the system with the best generalization and the
fastest training times. Careful feature selection
and scaling of the inputs affects the complexity of

the problem and selection of the best neural net-
work model.

The behavior of a neural network is determined
by the transfer functions of its neurones, by the
learning rule, and by the architecture. We have
used a supervised network with back-propagation
learning rule and multilayer perceptron (MLP)
architecture and genetic algorithm (GA) input
selection. MLPs are general-purpose, flexible,
nonlinear models. In this model, the inputs are
fully connected to the hidden layer and hidden
layer neurons are fully connected to the outputs.
MLP models compute the output as a sum of
non-linear transformations of linear combinations
of the inputs. Detailed descriptions of this type of
the ANN model have been published [27–29].

2. Experimental

2.1. Materials

The amino acid standards and anhydrous
sodium acetate were purchased from Sigma
Chemical Co. (St Louis, MO, USA) and Ajax
Chemicals (Auburn, NSW, Australia) respec-
tively. Methanol, AR and ethanol were purchased
from JT Baker (Phillipsburg, NJ, USA) whilst
triethylamine, (TEA, synthesis grade) and PITC
were obtained from E. Merck (Darmstadt, Ger-
many). TEA and PITC were both redistilled be-
fore use. Redistilled PITC was stored at −20 °C
until use. Unless stated otherwise, distilled water
was used throughout the experiment.

2.2. Instrumentation

The HPLC solvent delivery system consisted of
a Gilson Model 305 main pump (Villiers le Bel,
France) and a Gilson Model 302 secondary pump,
a Gilson Model 802C manometric module, a
Gilson Model 811B dynamic mixer. The chro-
matographic system consisted of a Rheodyne
7125 injector (Cotati, CA, USA), a homepacked
reversed phase Whatman Partisil C18 column (25
cm×4.6 mm ID, 10 �m) and guard column ther-
mostatted at 30 °C. Detection was performed on
a Shimadzu Spd-6A ultraviolet detector and
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recorded with a Hitachi D2500 integrator-plotter
(Tokyo, Japan).

2.3. Packing of Whatman Partisil C18 column

Approximately 3.8 g of the Whatman Partisil
C18 (10 �m) packing material was suspended in
35 ml of methanol and ultrasonicated for 2 min.
The slurry, shaken for 10 s to ensure homogene-
ity, was poured into the reservoir of the packer
(Shandon Column Packer, UK). The pressure of
the packer was set at 580 bar. After 10 ml of the
solvent had flowed through the column, it was
turned 180° and a further 40 ml of the solvent was
allowed to flow through before the column was
finally packed.

2.4. Preparation of standard phenylthiocarbamyl
(PTC) amino acid deri�ati�es

Stock solutions, each containing 250 �mol/ml
of amino acid, were prepared in distilled water.
About 10 �l aliquots (�2.5 �mol) of the stock
solution was added to freshly prepared 20 �l of
ethanol–water–TEA (2:2:1) mixture, shaken
thoroughly and the mixture was dried under vac-
uum by using an Edward Model E2M8 Vacuum
pump (Sussex, England). About 20 �l of the
freshly prepared derivatisaton mixture of etha-
nol–TEA–water–PITC (7:1:1:1) was added to
each dried sample, shaken thoroughly and al-
lowed to stand at room temperature for 20 min.
Excess reagent and by-products were removed
under vacuum. The PTC–amino acids were then
stored at −20 °C until use.

2.5. Isocratic separation

Dried PTC–amino acid derivatives were re-
stored in 1 ml of filtered methanol, AR. The
solutions were ten times diluted with the mobile
phase and centrifuged. About 20 ul aliquots of the
PTC amino acid derivatives were injected into the
HPLC system. The mobile phase consisted of
acetonitrile: acetate buffer (pH 6.35, 0.14 M con-
taining 0.5 ml/l TEA) in varying ratios. The flow
rate was fixed at 1 ml/min. The set of 18 amino
acids were divided into two clusters. The first

cluster contained aspartic acid (asp), glutamic
acid (glu), serine (ser), glycine (gly), threonine
(thr), alanine (ala), histidine (his), proline (pro)
and arginine (arg), whilst the second cluster con-
sisted of tyrosine (tyr), valine (val), methionine
(met), cystine (cyt), isoleucine (ile), leucine (leu),
phenylalanine (phe), tryptophan (trp) and lysine
(lys). The mobile phase composition varied from
5:95 to 15:85 acetonitrile:buffer for the first cluster
and from 15:85 to 30:70 for the second cluster.

2.6. Gradient separation

After the elution order of the PTC amino acids
was determined using the isocratic separation, a
gradient profile was developed to optimize a com-
plete separation of the PTC amino acid deriva-
tives. The solvent system consisted of two eluents,
solvent A (acetate buffer, pH 6.35, 0.14 M con-
taining 0.5 ml/l TEA) and solvent B (60% acetoni-
trile in water). The total flow rate used was at 1
ml/min. The gradient profile used was first linear
gradient from 0 to 5.5% B in 5 min and then
eluent was maintained at 5.5% B from 5 to 17 min
and finally a second gradient from 5.5 to 100% B
from 17 to 20 min. The washing step at 100% B
was programmed to run for 30 min to wash away
any residual contaminants that could be present
in the sample. The system was returned to 100%
A at 65 min for the next injection.

2.7. ANN structure optimization

A standard feed-forward network, with back-
propagation rule and MLP model architecture
[30] was chosen. An initial neural network consist-
ing of 56 input–output sets and two hidden layers
was constructed. Although it is possible to ap-
proximate any function with just one layer of
hidden units, a huge number of hidden units may
be required. An additional layer was used to
reduce the number of hidden units and, conse-
quently, the number of required weights. A total
of 36 molecular descriptors including constitu-
tional, topological, chemical, geometrical and
quantum chemical descriptors were calculated for
each amino acid. The 56 experimentally derived
retention times were used as the output of the
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ANN and calculated molecular descriptors and
mobile phase composition were used as the in-
puts. The number of inputs, number of hidden
layers and hidden neurons was optimized. Con-
nections or units were eliminated during training
based on sensitivity reports, highest coefficient of
multiple determination and minimal error for the
external prediction data set. Using a GA and
sensitivity analysis the number of inputs was re-
duced from 37 to 5. Input selection has reduced
the size and complexity of the network and fo-
cused the training on the most important data.
This also reduced the training time and improved
the network performance.

Output sensitivity was used to evaluate the
influence of selected descriptors on chromato-
graphic separation. Sensitivity reports show the
sensitivity of the output variables, as a percentage,
to the changes in the corresponding input vari-
ables. If the direction of the change in the output
variable is always the same as the change in
investigated descriptor then the average sensitivity
is positive. The set of percentages also reveals the
effect that a change in a particular input has on
output.

Before each training run, data sets were split
randomly into three separate groups, the training

(40 data sets), testing (eight data sets) and valida-
tion set (eight data sets), and both weights and
biases were initialized with random values. The
results of the five runs were averaged. During
training, the performance of the ANN was evalu-
ated with testing data. The training set was used
to train the network and the testing set was used
to monitor overtraining the network. Training
was stopped when the training root mean squared
error (RMS) fails to improve over a given number
of training cycles and when the testing RMS error
started to increase. Validation set was used to
evaluate the trained model.

3. Results and discussion

The elution order for the first cluster of PTC-
derivatives of amino acids was established by
using isocratic RP-HPLC system and varying the
content of the organic modifier, acetonitrile. As
the acetonitrile content gradually increased from
2:98 to 5:95 (acetonitrile:water), retention times of
the PTC-amino acid derivatives were determined.
Elution order was asp, glu, ser, gly, thr, ala, his,
pro and arg. The elution order for the second
cluster of PTC-amino acids was found to be tyr,

Fig. 1. HPLC chromatogram showing the separation of PTC derivatives of amino acids on a Whatman Partisil ODS column using
gradient elution.
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Table 1
Averaged retention time sensitivity

Descriptor Sensitivity (%)

0.42Mobile phase composition
0.19�1

0.22Log P
0.09�V2

0.07�0

shape indices, molecular connectivity indices) are
the most important in chromatographic separa-
tion (Table 1).

It has been shown [34–36] that, in binary
aqueous/organic mobile phases on a RPLC
column, the retention of a single solute can be
modeled as a function of the mobile phase com-
position over a limited range of mobile phase
compositions. As expected the mobile phase com-
position (percent of organic modifier in mobile
phase) was the main factor effecting the separa-
tion of amino acids with the output sensitivity of
over 40%.

Partitioning is one of its most important and
fundamental properties for a chemical compound.
Octanol/water partition coefficient (log P) and
water solubility are critical in understanding the
tendency of drugs to cross biological membranes
(absorption from the gastrointestinal tract, blood
brain barrier). Therefore, log P is frequently used
in QSAR studies as a measure of the lipophilic
character of the molecules and their biological
activity [37]. Retention in the reversed-phase liq-
uid chromatography system is characterized by
bulkiness and the polar properties of the solute
and may be related to the solubility of solutes
[38]. Thus, a measure of lipophilicity or hy-
drophilicity (log P, the octanol/water partition co-
efficient) should correlate fairly well with
retention time in such a system. Bulk properties
include molecular weight, volume, surface area,
density, and molecular length, width and depth.

It is known that the retention value of a solute
is related to the partition and absorption process
[39]. The great advantage of reversed-phase high-
performance liquid chromatography RP-HPLC is
that it can yield a relatively precise and repro-
ducible data so that retention values (retention
time, capacity factor) can be used as hydrophobic
descriptors. On the other hand hydrophobicity of
a substance can be determined with classical re-
versed-phase liquid chromatography (RP-LC) sys-
tems. In recent years there has been an increasing
tendency to apply RP-HPLC retention factors
(capacity, retention time) in QSPRs/QSARs [40]
as a measure of lipophilicity. As expected, devel-
oped QSRR suggests that the increase in
lipophilicity (log P) increases retention time of
amino acids.

val, met, cyt, ile (leu), phe, trp and lys. The
gradient profile for the separation of the 18 PTC
amino acid derivatives was then developed (Fig.
1). Based on the column and mobile phase condi-
tions used, no satisfactory separation was
achieved for PTC– leu and PTC– ile.

The first step in developing QSRR was to cal-
culate numerical descriptors. A total of 36 calcu-
lated structural features including constitutional,
topological, geometrical, quantum chemical and
physicochemical descriptors were generated for
each of the 18 amino acids. The next step was to
select descriptors important in chromatographic
separations. A subset of descriptors that best en-
codes the retention times was selected using a GA
[31–33] and correlated to the experimentally mea-
sured retention times using ANNs. The ANN
model with five input descriptors was found to
have the best predictive performance. The model
had one hidden layer with two neurons, thus
producing a 5–2–1 architecture. Other architec-
tures were examined, but they produced poorer
quality neural network models.

Selection of the important molecular descrip-
tors and examination of the variable contribution
to the model through output sensitivity is an
important aspect of QSRR study, not only for
ranking the relative importance of each variable
and calculating its statistical significance, but also
as a means of refining the model by variable
selection. The sign and size of the input sensitivity
report from the ANN model denoted in what way
and how much each variable contributes to the
final predicted value.

The QSPR that was developed indicates that
the mobile phase composition, lipophilicity
(log P) and molecular shape and size (topological
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Over the last 10 years variety of topological and
shape descriptors emerged as alternative descrip-
tors in quantitative structure–activity studies
[41,42]. The most popular topological indices are
molecular connectivity indices [43,44]. A large
number of studies have demonstrated that many
physicochemical and biological properties correlate
with the connectivity index [45]. The main advan-
tage of the graph theoretical approach to the
prediction of properties is that it permits the
interpretation of results in terms of structurally
related concepts. In spite of that, the most impor-
tant criticism of the so-called topological indices is
concerned with their physical meaning [46].

Molecular connectivity is a method of molecular
structure quantification based only on bonding and
branching patterns rather than physical or chemical
characteristics. Weighted counts of substructure
fragments are incorporated into numerical indices
and structural features (size, branching, unsatura-
tion, heteroatom content and cyclicity) are en-
coded. These indices are related to the number of
atoms and how they are connected in a molecule.
Only the carbon or heavy atoms are taken into
consideration and the connectivity indices are
derived from the hydrogen-suppressed graph of the
molecule. Each atom is represented by a vertex in
the graph, while the bonds becomes edges. Valence
connectivity index [47] uses the same invariant but

modifies vertex degrees to account for heteroatoms
by using the number of valence electrons in the
corresponding atom.

Connectivity indices are descriptor of molecular
structure, a descriptor of size and shape based on
a count of groupings of skeletal atoms, weighted by
degree of skeletal branching. Zeroth-order (atomic)
�0 represents the sum over all vertexes and conveys
information about the number of atoms in a
molecule. It is shown that the increase in �0

decreases retention time due to the increase in
molecular size. First order, �1 (molecular, one bond
paths) index is the sum of all bonds and second-or-
der (path) molecular connectivity �2 is the sum over
subgraphs. Increase in �1, the first order (bond)
connectivity index increase chromatographic reten-
tion time. Molecular connectivity index of the first
order, �1, encodes single bond properties. It is a
weighted count of bonds, related to the types and
position of branching in the molecule. �2, the
second order (path, two bond fragments) connec-
tivity index is derived from fragments of two-bond
length. It also provides information about types
and position of branching and may be indication
of the amount of structural flexibility and bulki-
ness. In the analysis of hydrocarbons the molecular
connectivity indices correlate well with the reten-
tion indices in the stationary phase of low polarity
[48]. The chromatographic process of separation
results from the forces that operate between solute
molecules and the molecule of the stationary phase.
The interaction of the carbon atoms with the
stationary phase is determined by its electrical
properties and by the steric hindrance of other
carbon atoms attached to it. The number of carbon
atoms in linear alkanes is correlated to their chro-
matographic retention and increase in �1. However,
the branched alkanes do not present this linear
relationship. The steric effects of their neighboring
groups decrease retention of the tertiary and qua-
ternary carbon atoms [49]. Increase in branching
(�V2) increases surface area and molecular volume
[50] and decrease retention time. On the other hand
low values of �V2 are found for more elongated
molecules or these with only one branching atom.
Increase in the length of the carbon chain, non-po-
lar portion of the molecule, results in the increase
in lipid-solubility (log P).

Fig. 2. Linear relationship between the experimentally derived
and retention time values predicted by the QSRR model.
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Table 2
Retention times for 16 amino acids by using isocratic RP-
HPLC system and varying the content of the organic modifier
predicted using ANN and measured

Mobile phaseAmino acid Retention time (min)
composition

Experimental Predicted

2.57ala 2.9070:30
3.7380:20 3.34ala
4.83 4.65ala 85:15
7.5990:10 7.07ala

95:5ala 13.64 14.29
85:15ala 4.88 4.65

3.7280:20 3.34ala
85:15arg 6.08 4.62

9.8490:10 7.66arg
19.56arg 20.3295:5
2.4485:15 4.85asp
2.43 5.04glu 85:15
3.7585:15 4.93ser

90:10ser 5.13 6.01
85:15ser 3.82 4.93

2.4270:30 2.49gly
80:20gly 3.19 2.70

2.4270:30 2.493gly
3.18gly 2.70780:20
4.1185:15 4.09gly
5.64gly 5.85890:10
4.6085:15 5.06thr

90:10thr 6.90 6.30
95:5thr 12.18 11.95

4.7185:15 9.98hys
90:10hys 7.63 7.331

13.7195:5 14.00hys
4.48pro 6.5685:15
7.7590:10 7.57pro

pro 95:5 14.78 14.9
4.8385:15 6.56pro

95:5arg 19.60 21.49
85:15arg 5.70 5.43

9.6990:10 8.25arg
95:5arg 19.55 21.49

38.1998:2 34.87arg
8.96tyr 9.1785:5
3.1170:30 3.68val

80:20val 5.75 5.75
9.91785:15 10.19val
3.114val 3.68670:30
5.7580:20 5.75val

11.52met 11.5385:15
17.3385:15 17.38cys

3.23cys 4.0470:30
6.2480:20 7.19cys

18.80 18.08leu 85:15
4.0070:30 3.09ile

80:20ile 7.92 8.48
85:15phe 33.88 34.55

14.8980:20 16.05trp
lys 5.6870:30 4.43

17.5980:20 16.26lys

As expected, the model shows a strong
correlation (up to R=0.97) between predicted and
experimentally measured flux values (Fig. 2). Since
the slope (b=0.965; tb=1.67, t0.05=2.67) was not
significantly different from unity, the method did
not show proportional error. In other words, the
sensitivity was the same for measured and predicted
values (Table 2). A proportional error would lead
to a change in b so that the difference between b
and unity gives an estimate of the proportional
error. The intercept was not significantly different
from zero (a=0.28; ta=1.13) indicating the
absence of systematic error and method bias.

4. Conclusion

A five-descriptor nonlinear computational neu-
ral network model has been developed for the
estimation of chromatographic retention time val-
ues for a data set of 18 amino acids. The training
set RMS error was 1.773 and the testing set RMS
error was 0.8377. Based on the RMS errors of the
training and testing sets and high correlation of
predicted versus experimentally derived M/P val-
ues (R�0.97, it is clear that a link exists between
structure and chromatographic separation. The
strength of this link was measured by the quality
of the model prediction. With an RMS error of
1.898, the validation data set ensures the quality
of the model.
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