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Abstract: A new optimization strategy based on the mixed quantitative struc-
ture–retention relationship (QSRR) model is proposed for improving the RP-
HPLC separation of aripiprazole and its impurities (IMP A-E). Firstly, experi-
mental parameters (EPs), namely mobile phase composition and flow rate, 
were varied according to Box–Behnken design and thereafter, an artificial 
neural network (ANN) as a QSRR model was built correlating EPs and sel-
ected molecular descriptors (ovality, torsion energy and non-1,4-van der Waals 
energy) with the log-transformed retention times of the analytes. Values of the 
root mean square error (RMSE) were used for an estimation of the quality of 
the ANNs (0.0227, 0.0191 and 0.0230 for the training, verification and test set, 
respectively). The separations of critical peak pairs on chromatogram (IMP A-
B and IMP D-C) were optimized using ANNs for which the EPs served as 
inputs and the log-transformed separation criteria s as the outputs. They were 
validated by application of leave-one-out cross-validation (RMSE values 0.065 
and 0.056, respectively). The obtained ANNs were used for plotting response 
surfaces upon which the analyses chromatographic conditions resulting in 
optimal analytes retention behaviour and the optimal values of the separation 
criteria s were defined. The optimal conditions were 54 % of methanol at the 
beginning and 79 % of methanol at the end of gradient elution programme with 
a mobile phase flow rate of 460 μL min-1. 

Keywords: gradient elution; high performance liquid chromatography; artificial 
neural networks. 

INTRODUCTION 
In various fields of pharmaceutical research, high performance liquid chro-

matography (HPLC) is an indispensable tool for analytical testing. Due to their 
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widespread use, there is a pronounced need for efficient and improved method 
development. Whereby the numerous factors affecting HPLC separation, inc-
luding a large amount of available equipment and the determination of the con-
ditions which ensure optimal method performance, can be extremely challenging. 
For improving a systematic survey of experimental space for optimal conditions, 
software-dependent tools can accelerate the development of a given method.1 
The traditionally predominant approach was based on the “trial and error” con-
cept, which was exceedingly time and resources consuming. Nowadays, this 
approach is considered outdated and is efficiently suppressed by the emergence 
of more sophisticated chemometric tools. Since chemometric tools are based on 
reliable mathematical-statistical principles, the experimental work is successfully 
planned in advance and the resource requirements for its execution are reduced.2 
Chemometric techniques mainly used in HPLC method optimization are design 
of experiments (DoE) and quantitative structure–retention relationships (QSRR) 
approach. Within the DoE framework, analyte retention behaviour is mathem-
atically associated with the values of experimental parameters. However, with the 
help of established DoE models, it is possible to develop an optimal method only 
for substances for which retention data have been obtained through experiments. 
In order to achieve a superior predictive dimension of applied modelling tech-
nique, it is necessary to involve the chemical–physical properties that are known 
independently of experimental work. This can be provided with QSRR studies.3 
Explicitly, QSRR models have the possibility of relating chromatographic ret-
ention behaviour to numerically expressed chemical information embedded in the 
molecule structure in the form of molecular descriptors (MDs).4 This implies that 
the most common QSRR models are limited to predicting the retention behaviour 
only at constant values of the experimental parameters (EP). Therefore, when 
QSRR studies are motivated by practical goals, such as method optimization, EPs 
have to be included in the model as relevant variables (predictors or inputs).5  

Models referred to as mixed QSRR models are more complex than the afore-
mentioned classical ones since they explain retention behaviour in context of 
both, EPs and MDs.4,6 A significant part of QSRR model building is the tech-
nique used for determining the mathematical relationship between MDs and ret-
ention behaviour. The most widely applied model-building techniques are mul-
tiple linear regression (MLR) and artificial neural networks (ANN).3 With reg-
ards to the introduction of additional inputs, it is reasonable to expect that more 
sophisticated analytical tools should be used. At the same time, when the specific 
chromatographic system of interest comprises analytes with different polarities 
and a gradient elution program is consequently applied, nonlinear behaviour of 
the system is expected.7 In such cases, nonlinear tools such as ANN are pre-
ferable for QSRR model building. ANN is a biologically inspired machine learn-
ing algorithm that mimics the functioning of the human brain.8 In comparison to 
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the classical statistical methods, ANN does not require previous knowledge about 
mathematical relationships between dependent and independent variables and has 
better predictive abilities.4,5,8 

Difficulties in substantial method development for quality assessment pur-
poses were present during the separation of aripiprazole (AR) and its impurities, 
the structures of which are presented in Fig. 1. Generally, impurities that can 
originate from raw materials, arise during drug product manufacturing (process-
related), or appear as a result of drug degradation can impair the quality of an 
active substance or product.9,10 Therefore, a reliable and optimized method for 
analysis of AR and its impurities had to be introduced. In the literature, IMP A, 
B, D and E are recognized as degradation products that can arise from various 
stress conditions,11–13 while IMP A–D are also identified as process-related.14 A 
literature survey revealed that HPLC methods were dominantly developed for the 
separation of AR and its known impurities.13–20 It was noticed that octyl (C8) or 
octadecyl (C18) are the most commonly applied stationary phases. Unfortun-
ately, in all these methods, the overall quality of the chromatographic separations 
was not quite adequate, because either the peaks of IMP E and AR were signific-
antly close to each other or/and IMP E eluted after the peak of the active pharma-
ceutical ingredient (API).13–16  

 
Fig. 1. Chemical structures of: A) aripiprazole, B) impurity A, C) impurity B, D) impurity C, 

E) impurity D and F) impurity E.  

In practice, with such an elution, the tail of the API peak may overlap with a 
much smaller peak of the following impurity, which eventually occurs with long 
lifecycle methods and/or during problematic inter-laboratory analytical method 
transfer and consequently affects the identification and quantification impurity as 
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well as the estimation of the overall AR quality. Therefore, separation conditions 
with different selectivity could be beneficial. In order to meet these demands, an 
RP-HPLC method was developed for the separation of AR and its impurities 
using a nonconventional stationary phase, a phenyl-hexyl column, able to pro-
duce diverse selectivity. A gradient elution program was employed for over-
coming the difficulties in separation of molecules with different log D and log P 
features (Table S-I of the Supplementary material to this paper). Such a situation 
was also recognized by other authors who attempted to address this issue by 
using different HPLC modes starting from gradient elution in RP-HPLC,13,16,18–20 
then with micellar6 and ion-pair chromatography.14,15 The retention mechanisms 
involved into later separation processes are more complex due to the application 
of additives to the mobile phase and the consequent presence of secondary equi-
libriums. In addition, from the practical point of view, these chromatographic 
systems are considered as less attractive due to prolonged system equilibration 
and significantly reduced column lifetime. On the contrary, the advantage of the 
RP mode is reflected in its simpler retention mechanism that enables easier 
interpretation, better understanding and faster method optimization.  

The QSRR strategy was applied in two reported studies. Nikolić et al. built a 
classical QSRR model in order to predict the retention times of impurities while 
central composite design was used for defining the optimal chromatographic con-
ditions.21 In such a way, the overall optimization method concept did not rely on 
the QSRR model; rather its predicting ability was the focus. Snoj Ekmečić et al. 
applied a solvatic retention model.18 Although this approach gives insight into 
the physical meaning of the separation process, it has a lower ability in defining 
the experimental space compared to QSRR with computed MDs. Bearing in mind 
the optimization of the chromatographic method was the principal goal, the use 
of QSRR with computed MDs is considered the tool of choice.3,7 To the best of 
knowledge, this is the first research where a mixed QSRR-ANN model was used 
as an optimization tool for the development of a superior method for the 
separation of aripiprazole and its impurities. 

EXPERIMENTAL 
Chemicals and reagents 

All chemicals used were of analytical grade. Reference standard substances of aripiprazole 
(7-[4-[4-(2,3-dichlorophenyl)piperazin-4-ium-1-yl]butoxy]-3,4-dihydro-1H-quinolin-2-one) and 
impurities IMP A (7-hydroxy-3,4-dihydro-1H-quinolin-2-one), IMP B (1-(2,3-dichlorophenyl)- 
-piperazine), IMP C (1,4-bis[[3,4-dihydro-2(1H)-quinolinone]7-oxy]butane), IMP D (7-(4-chlo-
robutoxy)-3,4-dihydro-1H-quinolin-2-one) and IMP E (7-[4-[4-(2,3-dichlorophenyl)-1-oxidopip-
erazin-4-ium-1-yl]butoxy]-3,4-dihydro-1H-quinolin-2-one), purchased from Orchid Chemicals 
& Pharmaceuticals (Chennai, India), were utilized for the preparation of the working mixture 
solution for chromatographic analyses. The mobile phase was composed of LC–MS grade 
methanol (MeOH, Fluka, Switzerland), water HPLC grade purified with simplicity 185 water 
purification system (Millipore, USА) and acetic acid analytical grade (Sigma–Aldrich). 
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Preparation of standard and work solutions 
The standard stock solution of Aripiprazole was prepared by dissolving the respective 

amount of the standard substance in MeOH to attain a concentration of 2 mg mL-1. Dissolving 
was ultrasonically assisted for 5 min using an ultrasonic bath (Fungilab, Barcelona, Spain). 
For preparing the individual standard stock solutions of the impurities, the respective amounts 
were dissolved in MeOH assisted with ultrasonication for 5 min. The solutions of the imp-
urities were attained in concentrations of 20 µg mL-1. The working mixture solution was pre-
pared by transferring 1 mL of each standard solution to a 10-mL volumetric flask and filling 
to volume with a mixture of aqueous part of the mobile phase and MeOH (50:50). The con-
centration of working solution was 200 μg mL-1 of aripiprazole and 2 μg mL-1 of each of imp-
urities. 
Chromatographic conditions and equipment 

A Thermo Accela UHPLC system (Тhermo Fisher Scientific Inc., USA) equipped with 
an autosampler, pump and PDA detector was used for the experimental runs. The chromato-
graphic separations were performed with a Kinetex RP-phenyl-hexyl column (100 mm×4.6 
mm, 2.6 μm, Phenomenex Inc., USA). The column temperature was set at 25 °C and the UV 
detection wavelength was 254 nm. The mobile phase consisting of a methanol/water mixture 
was composed according to the Box–Behnken design of experiments (Table I) created using 
Design-Expert 7.0.0 software (Stat-Ease Inc., USA). The pH of the aqueous phase was 
adjusted to 4.7 using the acetic acid and a pH-meter with a combined electrode, PHM 220 
(Radiometer, Denmark). The mobile phase was freshly prepared and filtered before use 
through Whatman 47 mm Glass/mesh system with membrane carrier and a 0.22 μm pore size 
membrane filter (Kinesis Inc., USA). The elution program consisted of a 6 min isocratic elut-
ion with the initial MeOH (sMeOH) and water mixture, followed by a 1 min gradient that 
reached final MeOH (eMeOH) and water content that was maintained until the end of the ana-
lysis. The chromatograms were gathered using ChromQuest 5.0 software (Тhermo Fisher Sci-
entific Inc., USA). 
QSRR model development 

For QSRR model building, MDs and EPs were determined as independent variables 
while the dependent variable was the log-transformed retention time of the studied analytes 
(log tr). The structures of the molecules were first generated with ChemDraw Ultra 7.0 soft-
ware (Perkin Elmer, USA). Then, they were utilized for an estimation of the molecular pKa 
and ionization forms using MarvinView 6.1.6 (ChemAxon Ltd., Hungary). Structure energy 
minimization and computation of MDs were provided with Chem3D® Ultra 7.0 software 
(Cambridge Soft Corporation, USA). Computation of MDs was performed after minimizing 
the energy of solute structures via the semi-empirical MOPAC/PM3 method. The comput-
ations resulted in total of 37 MDs that included: dipole length – DPLL; electronic energy – 
ElcE; formal charge – Charge; HOMO energy – HOMO; LUMO energy – LUMO; repulsion 
energy – NRE; total energy –TotE; Balaban index – BIndx; cluster count – ClsC; Connolly 
accessible area – SAS; Connolly molecular area – MS; Conolly solvent–excluded volume – 
SEV; diameter – Diam; exact mass – Mass; molecular topological index – TIndx; molecular 
weight – MW; ovality – O; principle moment of inertia X, Y and Z – PMIX, PMIY, PMIZ; 
radius – Rad; shape attribute – ShpA; shape coefficient – ShpC; sum of degrees – SDeg; sum 
of valence degrees – SVDe; total connectivity – TCon; total valence connectivity – TVCon; 
Wiener index – WIndx; bend energy – Eb; molar refractivity – MR; non–1,4–VDW E – Ev; 
partition coefficient (octanol/water) – C log P; stretch–bend energy – Esb; stretch energy – Es; 
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torsion energy – Et; VDW 1,4 energy – E14; total energy – E (Table S-II of the Supple-
mentary material). When calculating the values of MDs, the percentage of existing ionization 
forms present at the mobile phase pH was taken into account. Descriptors were selected taking 
into account correlation coefficient. That is, in order to avoid multicollinearity, one of two 
variables were discarded if the correlation between them was higher than 0.9 (|r| > 0.9). The 
MDs correlation was evaluated using Microsoft Office Excel 2010 (Microsoft, WA). Further-
more, MDs with the highest impact on the system behaviour were identified using MLR, with 
the stepwise inclusion of independent variables in the model. MLR was performed with SPSS 
software (SPSS, USA). 

ANN was used as a tool for QSRR model building as well as for modelling of separation 
criteria (s). Multilayer perception (MLP) feed forward neural networks were used consisting 
of neurons (processing units) arranged in 3 layers: input, hidden and output and connected by 
bonds with assigned weights. The networks were trained with a backpropagation algorithm. 
Logistic transformation was applied in the second and third layer. The model validity was 
estimated with root mean square error (RMSE). An increase in the RMSE value indicated 
overfitting which was a signal to stop the network training. Regression statistics was used to 
evaluate model fitting to experimentally obtained data. Separate MLPs were trained to model 
separation criteria (sB-A, sC-D). MLPs were trained on a data set consisting of 13 cases obtained 
during BBD. Each MLP included 3 inputs (EPs), 2 hidden neurons, and 1 output (log sB-A or 
log sC-D). In the MLP used for modelling log sB-A, logistic transformation was applied in the 
hidden and output layer. For MLP used for log sC-D estimation, logistic transformation was 
used in the second and hyperbolic transformation in the third layer. Leave-one-out cross-val-
idation (LOO-CV) was used for an estimation of the generalization ability of the algorithms, 
which was evaluated using LOO-CV RMSE. All ANN models were developed and validated 
with Statistica Neural Network software (StatSoft Inc., USA). 

RESULTS AND DISCUSSION 

During the development process of the HPLC method, the type of stationary 
phase and the composition of eluent were selected before optimization of the 
method. The domain of chromatographic parameters was selected with respect to 
the different physicochemical characteristics (values of log P and log D taking 
into account the respective pH) of the investigated analytes (Table S-I). Gradient 
elution was introduced to move strongly retained compounds, while having the 
least hydrophobic analytes well resolved. Additionally, an inspection of chemical 
structures of all compounds (Fig. 1) revealed that each of them contained at least 
one aromatic ring for which it was reasonable to expect that π-electrons could 
potentially be involved in the separation process. Therefore, a phenyl-hexyl col-
umn, the retention mechanism of which is based on π–π and hydrophobic inter-
actions, was considered as the proper choice for the separation of this type of 
analyte.22 Following the selection of column, a thorough review of the consti-
tuents of the mobile phase was performed. It has already been proven that aceto-
nitrile can suppress π–π interactions.23 Therefore, MeOH was considered as the 
organic solvent of choice. The additional benefit of using MeOH was also ref-
lected in its toxicological profile since MeOH is a less environmentally hazard-
ous organic solvent compared to acetonitrile.24  
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Given that the pH value of the aqueous phase also influences the separation 
process of ionisable compounds, the working pH value was set. The preliminary 
experiments revealed that a pH of the aqueous phase set at 4.7 contributed to 
better separation of the compounds compared to the usually applied pH 3.0, due 
to a shift in the ionization state of IMP E. Molecules ionization states under these 
conditions are presented in Table S-I. All these considerations pointed out that 
the following EPs are the most significant for the intended method development: 
MeOH content at the start of the gradient elution program (sMeOH) within range 
50–60 %; MeOH content at the end of gradient elution program (eMeOH) within 
the 75–85 % and the mobile phase flow rate (F) varied within 400–500 μL min–1. 

In order to provide a proper description of experimental space, DoE method-
ology was applied. The response surface design by means of three level Box– 
–Behnken design (BBD) was favoured as more economical and efficient due to 
smaller number of runs comparing to other optimization designs (such as central 
composite design).25 BBD is rotatable design meaning that all the experimental 
points are equally distant from the central point and lie on a sphere when presented 
in 3D space.8,26 The number of experiments to be performed according to BBD in 
the presented research resulted in a total of 13 runs (Table I). Although the value of 
DoE in method optimization is unquestionable, the obtained mathematical models 
are not completely in agreement with experimental outcomes, which is reflected in 
the coefficients of determination, R2 (Table II). Therefore, the data gathered using 
DoE was further implemented into QSRR-ANN model.8 

TABLE I. Experimental plan with EPs and experimentally obtained responses 
Content, % Flow rate, mL min-1 Retention time, min s / min 
sMeOH eMeOH IMP A IMP B IMP D IMP C IMP E AR B-A C-D 
50 75 450 2.50 3.63 11.93 13.19 15.08 18.58 0.977 0.860 
60 75 450 2.37 2.96 10.77 12.23 14.20 17.25 0.161 1.019 
50 85 450 2.50 4.00 11.00 11.54 12.60 15.94 1.156 0.096 
60 85 450 2.37 2.96 9.99 10.54 11.38 13.84 0.152 0.273 
50 80 400 2.82 4.46 12.34 13.36 15.09 19.47 1.128 0.507 
60 80 400 2.79 3.45 11.40 12.53 14.22 18.22 0.397 0.669 
50 80 500 2.26 3.49 11.01 11.81 13.13 16.52 1.010 0.389 
60 80 500 2.23 2.79 10.27 11.19 12.51 15.56 0.141 0.481 
55 75 400 2.48 3.76 13.36 15.49 18.57 23.32 0.846 1.932 
55 85 400 2.77 3.65 10.91 11.45 12.44 15.56 0.654 0.197 
55 75 500 2.19 3.09 11.74 13.42 15.78 19.50 0.367 1.238 
55 85 500 2.19 3.09 10.24 10.76 11.66 14.50 0.329 0.121 
55 80 450 2.44 3.37 11.21 11.71 13.63 17.30 0.463 0.460 

The overall goal of this study was to develop an optimization strategy that 
would enable the appropriate chromatographic separation of all peaks in the 
shortest possible time. At the same time, it was necessary to avoid non-retention 
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behaviour of the first eluting peak corresponding to IMP A. Accordingly, the 
following responses were selected. The total analysis time was estimated accord-
ing to the retention time of the last eluting peak (trAR). The retention time of IMP 
A (trIMPA) was monitored to establish separation from the peak of the mobile 
phase. The quality of the separation between neighbouring peaks of analytes was 
estimated using the separation criterion s that has lately been recognized as a 
superior descriptor of separation in gradient elution methods known for suscept-
ibility to baseline variations and peak shape irregularities.27 This criterion repre-
sents the difference between the time when the first peak ends (tr1e) and the time 
when next peak begins (tr2b). This can be defined with following equation: s = 
= tr2b–tr1e. In this respect, the baseline separations between IMP A-B and IMP 
D-C peak pairs were assessed according to the calculated values of sB-A and sC-
D, respectively (Table I) with an appropriate acceptance criterion s > 0. The ret-
ention times of interest were modelled using QSRR-ANN, and s criteria were 
modelled using ANNs specially developed for the purpose. 

TABLE II. Statistically evaluated BBD mathematical models using coded factor values; 
Equations obtained using Design Expert 7.0.0 software 
Mathematical model R2 Adj. R2 Pred. R2 
trIMPA = 2.45 – 0.25F 0.8300 0.8179 0.7563 
log sB-A = -0.34 – 0.37sMeOH – 0.14F 0.9124 0.8989 0.8508 
log sC-D = -0.34 – 0.093sMeOH – 0.44eMeOH – 0.083F 0.9294 0.9118 0.8604 
log trAR = 1.23 – 0.058eMeOH – 0.031F 0.7428 0.7032 0.5800 

In order to ensure a reliable building of a QSRR model, selection of MDs 
was carefully driven. The types of MDs were selected using general knowledge 
of the RP-HPLC separation mechanism. From initially calculated 37 MDs, 13 
MDs (DPLL, HOMO, LUMO, SAS, O, PMIX, ShpC, TVCon, Ev, C log P, Esb, Es 
and Et) were retained based on the level of mutual correlation of the MDs 
(|r| < 0.9). This MDs selection procedure was applied in order to avoid multicol-
linearity and overfitting of the obtained model. From the pool of all independent 
variables (MDs and EPs), the statistically influential inputs were extracted using 
MLR. The set of the most significant independent variables indicated that the 
chromatographic system was dominantly influenced by 3 EPs (sMeOH, eMeOH, F) 
and 4 MDs (O, Ev, ShpC, Et). Further inspection of the MDs values indicated 
that ShpC had identical value for 3 of the 6 analytes, which would eventually 
negatively affect the training of the ANN. Since the quality and predicting ability 
of the model can be preserved in reduced QSRR when selection of attributes is 
good,27 it was decided to remove ShpC from the data set. 

The aforementioned independent variables (sMeOH, eMeOH, F, O, Et, Ev) were 
used as inputs for the MLP, while log-transformed retention times of the analytes 
(log tr) represent output variable. Thus, the QSRR-ANN architecture consisted of 6 
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neurons in the input, 4 neurons in the hidden and 1 neuron in the output layer. It 
was decided to use the multilayer perception ANN due to its proven simplicity and 
efficiency. MLP is a feed forward ANN trained with a backpropagation algorithm 
meaning that it computes the error and adjusts the weights backwards through 
layers, from output to inputs, until the error is minimized.4 The output was trans-
formed via log-function in order to provide normal distribution of the outcome 
variable. Even though normal distribution of the measured data is not necessary for 
an ANN to function, in some cases it can improve the performance of a network. 
Engagement of log-transformation, with the ability of narrowing the response value 
interval, resulted in significantly better learning ability of an ANN, lower errors 
and satisfying overall statistical performance.6 The network was trained using 78 
cases (13 cases of BBD for each of the 6 compounds), divided into training, veri-
fication, and test set. The training set contained 52 cases, and the verification and 
test sets contained 13 cases each. The training and verification sets were formed 
randomly, while the test set contained only cases related to IMP C. This was done 
intentionally, so that the real predictive ability of the developed model can be esti-
mated for an analyte previously unseen by the network. The learning rate of the 
ANN was set to 0.3 and momentum to 0.1. The ANN weights are presented in 
Table S-III of the Supplementary material. The predictive power of the obtained 
network was validated using internal and external validation.28 IMP C was used for 
the external validation and cross-verification with verification data set was applied 
as an internal type of validation. Low and balanced RMSE values indicated good 
predictive ability of the network. Furthermore, regression statistics and the 
correlation coefficient values of the model indicated good fitting of the predicted 
model to experimental data (Table III).29 

TABLE III. Statistical performance of the QSRR-ANN developed model 
Parameter Training log (tr / min) Verification log (tr / min) Test log (tr / min) 
Data mean 0.8634 0.8902 1.0859 
Data S.D. 0.3442 0.3759 0.0462 
Error mean –0.0005 0.0072 0.0154 
Error S.D. 0.0229 0.0184 0.0178 
Abs E. mean 0.0176 0.0144 0.0194 
S.D. ratio 0.0665 0.0490 0.3858 
Correlation 0.9978 0.9989 0.9253 
RMSE 0.0227 0.0191 0.0230 

Considering that sB-A and sC-D could not be estimated by the means of the 
QSRR-ANN model, they were evaluated using other ANNs. Although it is 
uncommon for ANNs to model small data sets, they still can be considered in 
circumstances where classical regression modelling tools are not applicable. Due 
to the questionable reliability of such ANN, the quality of the model needs 
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verification applying robustification methods. One of these methods refers to 
V-fold cross-validation, where V is the number of folds. Special case where num-
ber of cases is equal to number of folds refers to LOO-CV.30 In this research, the 
LOO-CV RMSE values were 0.0648 and 0.0560 for log sB-A and log sC-D, res-
pectively (Table S-IV of the Supplementary material). These results indicate 
good reliability of the whole dataset of the obtained model. Since none of two 
peak pairs was favoured, the most similar s values, still reflecting baseline separ-
ation, were striven for. The established ANNs (Tables S-V and S-VI of the Sup-
plementary material) were further used to obtain response surfaces that were then 
used for visual inspection of the influence of EPs on the responses (Fig. 2). 

 

 

Fig. 2. Response surfaces describing the depen-
dencies of log sB-A on the flow rate and starting 
MeOH content (A), log sC-D on the starting MeOH 
content and final MeOH content (B), log sC-D on the 
final MeOH content and flow rate (C), log trIMPA on 
the starting MeOH content and flow rate (D) and 
log trAR on the final MeOH content and flow rate 
(E). 
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Choosing the optimal EPs values was a challenging task due to the opposed 
influences they demonstrated towards all the observed responses. The lower values 
of all EPs enabled satisfactory baseline separations of neighbouring peaks to be 
achieved. On the contrary, higher EPs values reduced the analysis time. Among the 
EPs, the flow rate had a very low influence on both separation criteria (Fig. 2). In 
the region of the highest EPs values where good peak separation was preserved, the 
selection of optimal conditions was made mainly to suite the total analysis time. F 
values higher than 460 µL min–1 disrupt an adequate separation between critical 
peak pairs. Thus, even though this reduces the analysis runtime, a flow rate set to 
460 µL min–1 was considered as optimal. The factor eMeOH had a greater influence 
on sC-D and the maximal value that preserves a good sC-D was defined to be 79 %. 
Optimal sMeOH was chosen bearing in mind that values greater than 54 % rapidly 
decreased sB-A. Furthermore, the selected values of sMeOH and flow rate resulted in 
satisfactory trIMPA values. Finally, the values of the EPs providing appropriate 
meeting of all method optimization goals were: sMeOH = 54 %, eMeOH = 79 % and 
F = 460 µL min–1. The predicted tr values were 2.46, 3.31, 12.60, 11.12, 13.89 and 
17.83 min for IMP A-E and AR, respectively, while the predicted s values were 
sB-A = 0.630 min and sC-D = 0.591 min. The obtained results were in accordance 
with experimentally obtained values for tr (2.49, 3.48, 12.34, 11.37, 13.85 and 
17.47 min for IMP A-E and AR, respectively) and s (sB-A = 0.560 min, sC-D = 
= 0.580 min), as presented in Fig. 3. 

 
Fig. 3. Chromatogram recorded under optimal conditions. 
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CONCLUSIONS 

An improved RP-HPLC method intended for the evaluation the purity of AR 
was developed using a mixed QSRR-ANN model as an optimization tool. The 
experimental conditions providing adequate separations in a reasonable analysis 
time were determined (sMeOH = 54 %, eMeOH = 79 % and F = 460 µL min–1). 
Furthermore, the demonstrated good predictive power of the built models enable 
future spreading of the current research to other AR related topics, meaning that 
it is reasonable to suggest that the noted chromatographic behaviour predictions 
could serve as a starting point in development of analytical procedures aimed at 
AR stability studies as well as investigations of AR in different biological samples. 
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И З В О Д  
ОПТИМИЗАЦИЈА ХРОМАТОГРАФСКОГ РАЗДВАЈАЊА АРИПИПРАЗОЛА И 

НЕЧИСТОЋА: ПРИСТУП КВАНТИФИКОВАЊА ОДНОСА СТРУКТУРЕ И РЕТЕНЦИОНОГ 
ПОНАШАЊА 

БОЈАНА СВРКОТА, ЈОВАНА КРМАР, АНА ПРОТИЋ, МИРА ЗЕЧЕВИЋ и БИЉАНА ОТАШЕВИЋ 

Катедра за аналитику лекова, Универзитет у Београду – Фармацеутски факултет, 
Војводе Степе 450, 11221 Београд 

Нова оптимизациона стратегија заснована на грађењу мешовитих модела за кван-
тификовање односа структуре и ретенционог понашања (QSRR) предложена је за уна-
пређење RP-HPLC раздвајања арипипразола и његових нечистоћа (IMP А-Е). Експери-
ментални параметри (EP), састав мобилне фазе и брзина протока, варирани су најпре у 
складу са Box–Behnken дизајном, а затим је награђена вештачка неуронска мрежа као 
QSRR модел који повезује ЕP и одабране молекуларне дескрипторе (овалност, торзиона 
енергија и не-1,4-ван дер Валсова енергија) са логаритамски трансформисаним ретен-
ционим временом аналита. Вредности средње квадратне грешке (RMSE) коришћене су 
за процену квалитета мреже (0,0227, 0,0191 и 0,0230 за тренинг, верификацију и тест 
сет, редом). Раздвајање критичних парова пикова на хроматограму (IMP А-B и IMP D-C) 
оптимизовано је коришћењем мрежа за које су ЕP послужили као улази, а логаритамски 
трансформисани критеријуми сепарације s као излази. Ове мреже су валидиране при-
меном унакрсне валидације изостанка (RMSE вредности, редом, 0,065 и 0,056). На 
основу награђених мрежа, конструисани су дијаграми површина одговора чијом ана-
лизом су дефинисани услови при којима се постиже оптимална ретенција аналита, 
односно вредности критеријума сепарације s, а који су подразумевали 54 % метанола на 
почетку и 79 % на крају програма градијентног елуирања са брзином протока мобилне 
фазе од 460 mL min-1. 

(Примљено 9. јула, ревидирано 21. октобра, прихваћено 3. новембра 2021) 
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