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ign and machine learning
strategies for parameters screening and
optimization of Hantzsch condensation reaction
for the assay of sodium alendronate in oral solution

Mohamed A. Korany,a Marwa A. A. Ragab,*a Rasha M. Youssefa and Mostafa A. Afifyb

An experimental design was adopted to attain the optimum reaction parameters of chemical derivatization

of anhydrous sodium alendronate in an oral solution formula via Hantzsch condensation reaction. All

reaction controlling variables, namely, time of reaction, temperature, reagent ratio and volume and

buffer type, pH and volume were studied using the Plackett–Burman screening design to determine

significant variables. Reaction temperature and pH of the buffer solution were found to be significant

variables. Optimization was performed using the central composite design to get the optimum levels of

these variables. Moreover, a comparison was made with artificial neural networks and support vector

machines. The same results were obtained with low percentage relative error. After carrying out the

spectrophotometric analysis, interferences from oral solution excipients were eliminated with a simple

extraction procedure before measuring the absorbance at 340 nm. Satisfactory results of sample analysis

were obtained and they were in good agreement with the label claim. A linear calibration graph of

absorbance versus concentration was obtained with very low value of intercept and high value of

correlation coefficient (0.9999) in the range of 2.44–34.10 mg mL�1. The proposed spectrophotometric

method was fully validated in accordance with ICH guidelines. Statistical comparison with a reported

reference method showed similar results with respect to accuracy and precision.
1. Introduction

Anhydrous sodium alendronate (ALN); (4-amino-1-
hydroxybutylidene) diphosphonic acid mono sodium salt;
(Fig. 1) is an aminobisphosphonate with general properties
similar to those of the other bisphosphonates.1,2 It is a potent
inhibitor of bone resorption and is given for the management of
osteoporosis either alone or with vitamin D. ALN is used for the
treatment of Paget's disease of bone. It has also been given in
the treatment of bone metastases and hypercalcaemia of
malignancy. ALN tablet formulation has a precaution that
patients should swallow entire tablets with plenty of water.
Thus, a single dose 75 mL of ALN oral solution was formu-
lated.1,2 ALN structure lacks any chromophore, and hence it
cannot be determined by direct spectrophotometric methods.
ALN is official in the USP 36 and BP 2013. The official methods
reported for ALN assay exhibit some difficulties and need
sophisticated instruments.2,3 For the USP method of ALN assay
in tablets, the reagent used for precolumn derivatization is very
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toxic and carcinogenic, 9-uorenylmethyl chloroformate.
Furthermore, separation from excess reagent is needed by
carrying out an extraction step using methylene chloride. Next,
chromatographic separation was conducted using the styrene–
DVB polymer column with UV detection.2 The BP method
depends on direct assay using ion exchange chromatography,
which is known to be time consuming as the equilibration of
the column takes a long time, and inverse UV detection.3

Therefore, several methods were reported for ALN assay.
Spectrophotometric methods were reported for the assay of
ALN.4–14 However, the proposed method has limits of detection
and quantitation that are considerably lower than those of
many other published methods.5–7,12,13 Moreover, some of the
mentioned spectrophotometric methods have a narrow linear
dynamic range when compared to the proposed method.4,13,14 In
Fig. 1 Chemical structure of ALN.
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addition, spectrophotometric methods depending on the reac-
tion of the amino group of ALN with ninhydrin reagent are non-
specic as only the amino group moiety of the drug will be
contained in the reaction product without the rest of the
molecule, thus the colored derivative is the same irrespective of
the primary amine precursor.11,13 Moreover, HPLC methods
were described for its analysis.2,3,6,15 ALNwas electrochemically16

determined. A uorimetric method was reported for the quan-
tication of alendronate and clodronate in aqueous samples
and in serum.17 Some capillary electrophoresis methods were
described for the determination of ALN.18 A literature review
reports some methods for the determination of ALN in
tablets5,6,19–21 but it lacks any reported method for the assay of
ALN in oral solution.

The Hantzsch condensation reaction depends on the
formation of dihydrolutidine derivatives when a b-dicarbonyl
compound condenses with an aldehyde and a primary amine or
ammonia.22 This reaction is widely used by different analytical
techniques, including spectrophotometric, spectrouorimetric
and chromatographic methods.23–27

The Hantzsch condensation reaction is considered to be a
perfect example for investigating the effectiveness of the
experimental design and machine learning strategies in
screening and optimizing the high number of parameters
affecting such reaction. These parameters include time of
reaction, temperature, reagent ratio and volume and buffer
type, pH and volume.

Few examples were found in literature screening and opti-
mization the experimental parameters affecting dispersive
liquid–liquid microextraction,28 solid-phase extraction29 and
chromatographic separations.30 No literature was found for the
investigation of the effectiveness of experimental design31,32 and
machine learning strategies in screening and optimizing
parameters affecting such reaction.

The different conditions for the optimization of the
condensation reaction were studied using the experimental
design (DOE) approach in two stages. The rst involves
screening design, which is Plackett–Burman design (PBD) for
variable screening. The second involves the application of cir-
cumscribed central composite design (CCCD) for the optimi-
zation of signicant variables. A comparison was performed
among CCCD, articial neural networks (ANN) and support
vector machines (SVM).

The theoretical background of these methods was exten-
sively discussed in literature.33–37 Although the univariate
procedures (one variable at a time; OVAT) are time and effort
consuming, they are still being used in routine methods. In this
work, the multivariate design of experiments (DOE or experi-
mental design) is considered because it takes less time, effort
and resources than the OVAT method. DOE and the response
surface methodology (RSM) were useful for improving and
optimizing processes. The RSM has been widely used in
analytical and industrial applications.33

Screening designs are used to specify the most signicant
factors from those potentially affecting the considered
responses. Most oen, two-level screening designs, such as
fractional factorial or Plackett–Burman designs, are used, which
6386 | RSC Adv., 2015, 5, 6385–6394
allow examining a relatively high number of factors f at L ¼ 2
levels in a relatively small number of experiments (N $ f + 1).
When f is small, two-level full factorial designs might also be
applied for screening purposes.34

A Plackett–Burman design (PBD) is used here for screening,
which allows examining maximally f ¼ N � 1 factors in N
experiments, where N is a multiple of four (N¼ 8, 12, 16, 20,.).
When f exceeds the number of real factors to be examined, the
remaining columns of the PBD are dened as dummy factor
columns.34

A central composite design (CCD) contains a two-level full
factorial design (2f experiments), a star design (2f experiments)
and a centre point, requiring N ¼ 2f + 2f + 1 experiments to
examine f factors. As a result, 9 experiments are needed for two
factors, while 15 are needed for three factors. The points of the
full factorial design are situated at the factor levels �1 and +1,
those of the star design at the factor levels 0,�a and +a (where a
is the distance from centre point to star points in CCD (axial
distance)), and the centre point at the factor levels 0. Depending
on the value, two CCDs exist, i.e. a face-centred CCD (FCCD)
with |a| ¼ 1 examining the factors at three levels, and a cir-
cumscribed CCD (CCCD) with |a| > 1 examining the factors at
ve levels. For a so-called rotatable CCCD, the level should be
|a| ¼ (2f)1/4, i.e. 1.41 and 1.68 for 2 and 3 factors, respectively
(Fig. 2).34,35 A CCCD was used for the optimization of signicant
factors of this work in 2 blocks. If the number of experiments
exceeds the number of experiments that can be performed in
one day, the experiments should be performed in blocks.33

The articial neural networks (ANN) methodology is an
information-processing chemometric technique specially
created to model non-linear information, which simulates some
properties of the human brain. The so called multilayer feed-
forward networks, or multi-layer perceptron (MLP) networks,
are oen used for prediction, as well as for classication.

It is important to stress that ANN have a notable advantage,
as there is no need to know the exact form of the analytical
function on which the model should be built. Furthermore,
neither the functional type nor the number of model parame-
ters need to be given. This is the main difference between
modeling by LS regression and ANN.33

In a short period of time, support vector machines (SVM)
found many applications in chemistry. For example in drug
design, it was used for discriminating between ligands and non-
ligands, inhibitors and non-inhibitors. Moreover, in quantita-
tive structure-activity relationships (QSAR), SVM regression is
used to predict various physical, chemical, or biological prop-
erties. Moreover, SVM was a very useful tool in chemometrics
dealing with the optimization of chromatographic separation or
compound concentration prediction from spectral data as
examples, in sensors (for qualitative and quantitative prediction
from sensor data), in chemical engineering (fault detection and
modeling of industrial processes) and text mining (automatic
recognition of scientic information).37

Support vector machines represent an extension to
nonlinear models of the generalized portrait algorithm devel-
oped by Vapnik and Lerner. The SVM algorithm is based on the
statistical learning theory and the Vapnik–Chervonenkis (VC)
This journal is © The Royal Society of Chemistry 2015
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Fig. 2 Central composite designs for the optimization of: (a) two variables (a ¼ 1.41) and (b) three variables (a ¼ 1.68). (C) points of factorial
design, (B) star points and (,) central point.
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dimension. SVM models were originally dened for the classi-
cation of linearly separable classes of objects.37 SVR is famous
for handling nonlinear data through kernels, however, it can
also handle linear data.38

In this work, we use a radial basis function-support vector
machines regression (RBF-SVR) model, in which nonlinearity of
the used data is the case due to the presence of interactions
between the reaction variables.

The aim of this work is to investigate, for the rst time, the
effectiveness of experimental design and machine learning
strategies for screening and optimizing the Hantzsch conden-
sation reaction. This reaction was successfully applied for the
indirect spectrophotometric determination of ALN, which
contains no chromophore, in oral solution. Hantzsch conden-
sation reaction was a suitable example for investigating the
effectiveness of such methods as it is affected by a large number
of parameters. Plackett–Burman screening design was used to
determine signicant variables. Aer that, optimization was
performed using the central composite design to get the
optimum levels of these variables. A comparison was performed
with articial neural networks and support vector machines.
The same results were obtained with low percentage relative
error. Moreover, a full validation of the spectrophotometric
method was performed in accordance with ICH guidelines. The
optimized method was then applied to the spectrophotometric
determination of the drug in oral solutions.

2. Experimental
2.1. Materials and Reagents

Pharmaceutical grade ALN was supplied as a gi sample by Borg
Pharmaceutical Industries, Alexandria, Egypt. All the reagents
used were of analytical grade. Formaldehyde solution (37%w/w)
was purchased from Merck KGaA, Darmstadt, Germany.
Sodium hydroxide and glacial acetic acid (Sigma-Aldrich®, St.
Louis, MO, United States), methylene chloride (CDH Limited,
New Delhi, India) and sodium acetate trihydrate and citric acid
monohydrate (Fisher Scientic UK Ltd, Bishop Meadow Road,
Loughborough) were used. The water used was reverse osmosis
water. Borgalendro® oral solution (Batch no. 082001) labeled to
contain 91.35 mg of anhydrous sodium alendronate (equivalent
This journal is © The Royal Society of Chemistry 2015
to 70 mg alendronic acid) per 75 mL unit dose bottle was
supplied as a gi sample by Borg Pharmaceutical Industries,
Alexandria, Egypt.

2.2. Instrumentation

An Agilent UV-vis Spectrophotometer model no: 8453, equipped
with 1 cm quartz cell and running with ChemStation soware
(Germany), a Sartorius balance TE 214S, Sartorius (Germany), a
Jenway pH meter equipped with a glass combination electrode
(UK), an Elma ultrasonic sonicator, model: Elmasonic S 120.
(Singen/Hohentwiel, Germany) and a Memmert GmbH & Co.
KG water bath type WNB 22 (Germany) were used throughout
the work.

2.3. Preparation of reagents

2.3.1. Preparation of 0.1 M acetate buffer pH 5.0. The 0.1 M
acetate buffer pH 5.0 was prepared by dissolving 13.6 g of
sodium acetate trihydrate in 800 mL distilled water, and then
the pH was adjusted to 5 using 6 M sodium hydroxide solution.
The volume was adjusted with puried water to 1 L and the
solution was mixed well.

2.3.2. Reagent preparation. Into a 50 mL volumetric ask, a
volume of 6.7 mL acetylacetone, 3.3 mL (37% w/w) formalde-
hyde solution and 6.7 mL puried water were added, and then
the volume was completed to mark using acetate buffer pH 5.0.

2.4. Stock solutions

Stock solution of 6.09 mg mL�1 of ALN was prepared in puried
water and further diluted with the same solvent to obtain
different working standard solutions of suitable concentrations
(121.8, 243.6, 974.4, 1218.0 and 1705.2 mg mL�1).

2.5. Construction of calibration graph

To prepare different nal standard solutions in the linearity
range, a volume of 1 mL from each working standard solution is
quantitatively transferred into a series of test tubes and a blank
was prepared using 1 mL water instead of drug working stan-
dard solutions. Then, 3 mL reagent was added to each test tube
and these test tubes were placed in a boiling water bath for 15
RSC Adv., 2015, 5, 6385–6394 | 6387
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minutes. Next, the test tubes were cooled and their contents
were quantitatively transferred into 50mL volumetric asks and
the volume was completed to mark using puried water. From
each volumetric ask, a volume of 10 mL was transferred into a
series of centrifuge tubes containing 20 mLmethylene chloride.
The centrifuge tubes were shaken for 1 minute, sonicated for
30 minutes and allowed to cool for 15 minutes. The absorbance
of the aqueous layer of each nal standard solution (2.44, 4.87,
19.49, 24.36 and 34.10 mg mL�1) was measured against blank in
a 1 cm cell at 340 nm.
2.6. Preparation of oral solution

One mL oral solution was quantitatively transferred into a test
tube and the procedure was completed on the prepared solution
as under Construction of calibration graph section in order to
obtain a nal dilution of 24.36 mg mL�1.
3. Results and discussion
3.1. Condensation reaction

Based on the Hantzsch condensation reaction, ALN reacts with
a b-dicarbonyl compound (acetylacetone) and an aldehyde
(formaldehyde) to produce a yellow colored product, which was
measured spectrophotometrically at l ¼ 340 nm. The reaction
mechanism of ALN with acetylacetone and formaldehyde is
proposed in Fig. 3.
3.2. Selection of variables and screening of signicant
variables

Variables that may affect the condensation reaction, illustrated
in Table 1, were selected for PBD for screening. Four central
points were added for error estimation.33 The design was
generated using StatSo STATISTICA 10 soware.
Fig. 3 A proposed reaction mechanism for Hantzsch condensation
reaction of ALN with acetylacetone and formaldehyde.

6388 | RSC Adv., 2015, 5, 6385–6394
The 7-factors 4-center points PBD trials shown in Table 1
were performed using 1 mL working standard solution (to give
nal standard solution of a concentration of 24.36 mg mL�1).
For each trial, standard was measured spectrophotometrically
against the corresponding blank and the maximum absorbance
was recorded and entered in the design matrix using StatSo
STATISTICA 10 soware for subsequent data analysis. Results
are illustrated in Table 1 and Pareto chart (Fig. 4) shows that
reaction temperature and pH of the buffer are the only signi-
cant factors at p-value ¼ 0.05. ANOVA analysis (Table 2) shows
good agreement with the experimental data (high values of R2

and adjusted R2).
3.3. Optimization of the reaction variables

3.3.1. Circumscribed central composite design. Signicant
factors were introduced into StatSo STATISTICA 10 with their
corresponding levels that were carefully selected to obtain an
experimental domain that covers the expected optimum vari-
able levels as much as possible and a CCCD is generated as it is
shown in Table 3. The optimization trials were performed with
the use of 1 mL of ALN working standard solution (to obtain a
nal concentration of 24.36 mg mL�1), 1 mL reagent with a ratio
of 2 (4.0 mL of acetylacetone + 2.0 mL of formaldehyde + 4.0 mL
of water), 2 mL acetate buffer solution and the time of the
reaction was adjusted to 15 minutes. The pH of the buffer
solution and temperature of the water bath (signicant vari-
ables) levels are illustrated in Table 3. The reaction procedure
was followed as described in the construction of calibration
graph section and corresponding absorbance values were
recorded against the blank.

The results are shown in Table 3 and the subsequent
statistical analysis using StatSo STATISTICA 10 soware is
shown in the Pareto chart (Fig. 5), the ANOVA table (Table 4)
shows good agreement with the experimental data (high values
of R2 and adjusted R2), and a response surface plot (Fig. 6)
shows the relation between the two signicant variables to be
optimized and absorbance. It was found that for these variables,
the temperature relation with absorbance was linear more than
quadratic, whereas the relation of the buffer solution pH with
absorbance was both linear and quadratic (Fig. 5, 7 and
Table 4). The desirability function graph (Fig. 7) shows the
optimum levels for both reaction temperature (99.14 �C) and pH
of the buffer solution (5.0).

Percentage relative error (Er%) of predicted optimum

and observed optimum ¼ �0.44%.

The predictive equation is:

z ¼ �3.9974861300552 + 0.049615109658483x

� 0.0001480033125x2 + 0.746510940046y

� 0.043685358333334y2 � 0.0032723600000001xy + 0.

where z is the absorbance at l ¼ 340 nm, x is the reaction
temperature in �C and y is the pH of the buffer solution.

3.3.2. Articial neural networks. Data from CCCD
including experimental conditions and corresponding
This journal is © The Royal Society of Chemistry 2015
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Table 1 7-factors 4-center points PBD trials with corresponding design matrix codes and resultsa

Trial no. t (min) T (�C) RR (A : F)c RV (mL) pH BTd BV (mL) Maximum absorbancee

1 15.00 (�1) 21.50 (�1) 0.50 (�1) 1.00 (1) 5.80 (1) Acetate (1) 0.50 (�1) 0.12941
2 15.00 (�1) 21.50 (�1) 2.00 (1) 1.00 (1) 3.80 (�1) Citrate (�1) 2.00 (1) 0.01378
3 15.00 (�1) 95.00 (1) 0.50 (�1) 0.25 (�1) 5.80 (1) Citrate (�1) 2.00 (1) 0.28700
4 15.00 (�1) 95.00 (1) 2.00 (1) 0.25 (�1) 3.80 (�1) Acetate (1) 0.50 (�1) 0.47332
5 60.00 (1) 21.50 (�1) 0.50 (�1) 0.25 (�1) 3.80 (�1) Acetate (1) 2.00 (1) 0.13053
6 60.00 (1) 21.50 (�1) 2.00 (1) 0.25 (�1) 5.80 (1) Citrate (�1) 0.50 (�1) 0.0104
7 60.00 (1) 95.00 (1) 0.50 (�1) 1.00 (1) 3.80 (�1) Citrate (�1) 0.50 (�1) 0.36474
8 60.00 (1) 95.00 (1) 2.00 (1) 1.00 (1) 5.80 (1) Acetate (1) 2.00 (1) 0.52309
9 (C)b 37.50 (0) 58.25 (0) 1.25 (0) 0.63 (0) 4.80 (0) Citrate (�1) 1.25 (0) 0.19312
10 (C)b 37.50 (0) 58.25 (0) 1.25 (0) 0.63 (0) 4.80 (0) Acetate (1) 1.25 (0) 0.19876
11 (C)b 37.50 (0) 58.25 (0) 1.25 (0) 0.63 (0) 4.80 (0) Citrate (�1) 1.25 (0) 0.19791
12 (C)b 37.50 (0) 58.25 (0) 1.25 (0) 0.63 (0) 4.80 (0) Acetate (1) 1.25 (0) 0.19711

a t is the reaction time, T is the reaction temperature, RR is the reagent ratio, RV is the reagent volume, pH is the pH of the buffer used, BT is the
buffer type, and BV is the buffer volume. b “(C)” denotes center points. c “A” stands for acetylacetone while “F” stands for 37% w/w formaldehyde
solution. 0.5: 2.0 mL of A + 4.0 mL of F + 4.0 mL of water. 2: 4.0 mL of A + 2.0 mL of F + 4.0 mL of water. 1.25: 2.5 mL of A + 2.0 mL of F + 3.0 mL of
water. d Both buffer types are of 0.1 M strength. e Ranging from l ¼ 330–340 nm.

Fig. 4 Pareto chart for PBD.

Table 2 ANOVA table for PBDa

Factor SS df MS F p

(1) t (min) 0.001961 1 0.001961 1.4416 0.296121
(2) T (�C) 0.232572 1 0.232572 170.9758 0.000197
(3) RR (A : F)b 0.001483 1 0.001483 1.0900 0.355413
(4) RV (mL) 0.002105 1 0.002105 1.5475 0.281422
(5) BT 0.000064 1 0.000064 0.0468 0.839365
(6) pH 0.042112 1 0.042112 30.9590 0.005110
(7) BV (mL) 0.000069 1 0.000069 0.0506 0.833016
Error 0.005441 4 0.001360
Total SS 0.285807 11
R2 0.98096
Adjusted R2 0.94765

a t is the reaction time, T is the reaction temperature, RR is the reagent
ratio, RV is the reagent volume, pH is the pH of the buffer used, BT is the
buffer type, BV is the buffer volume, SS is sum of squares, df is degrees
of freedom and MS is mean of squares. Signicant factors (p-value ¼
0.05) appear in bold. b “A” stands for acetylacetone while “F” stands
for 37% (w/w) formaldehyde solution.

Table 3 2-factors 2-blocks CCCD trials with corresponding design
matrix codes and resultsa

Trial no. Block T (�C) pH Absorbancec

1 1 75.00 (�1.00) 3.50 (�1.00) 0.08952
2 1 75.00 (�1.00) 6.50 (1.00) 0.25332
3 1 95.00 (1.00) 3.50 (�1.00) 0.35412
4 1 95.00 (1.00) 6.50 (1.00) 0.32158
5 (C)b 1 85.00 (0.00) 5.00 (0.00) 0.39515
6 2 70.86 (�1.41) 5.00 (0.00) 0.29174
7 2 99.14 (1.41) 5.00 (0.00) 0.51417
8 2 85.00 (0.00) 2.88 (�1.41) 0.14871
9 2 85.00 (0.00) 7.12 (1.41) 0.32323
10 (C)b 2 85.00 (0.00) 5.00 (0.00) 0.40513

a T is the reaction temperature and pH is the pH of the acetate buffer.
b “(C)” denotes center points. c At l ¼ 340 nm.
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responses were entered into StatSo STATISTICA 8 soware and
training was performed for 20 ANN using one hidden layer
neuron, then another 20 networks using 2 hidden layer neurons
and nally 3 hidden layer neurons that gave ANNs with
acceptable performance. The best network that has a network
type of MLP was selected, the training algorithm was BFGS, the
number of hidden neurons was 3, the hidden function was tanh
(sigmoid), the output function was identity, the training
performance (r) equaled 0.99846 and the training error (sum of
squares, SOS) equaled 0.00012.

A suitable method to nd the optimal location is through
the graphical representation of the model. Two types of
graphs may provide helpful results: (a) the response surface
in the three dimensional space and (b) the graph of contours
that is the projection of the surface in a plane, represented as
lines of constant response. Each contour corresponds to a
specic height of the surface.33 Hence, a surface plot
This journal is © The Royal Society of Chemistry 2015 RSC Adv., 2015, 5, 6385–6394 | 6389
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Fig. 5 Pareto chart for CCCD.

Table 4 ANOVA table for CCCDa

Factor SS df MS F p

Blocks 0.007251 1 0.007251 7.46478 0.071809
(1) T (�C) (L) 0.052394 1 0.052394 53.93539 0.005217
T (�C) (Q) 0.001001 1 0.001001 1.03083 0.384725
(2) pH (L) 0.017868 1 0.017868 18.39382 0.023301
pH (Q) 0.044166 1 0.044166 45.46537 0.006662
1L by 2L 0.009638 1 0.009638 9.92103 0.051275
Error 0.002914 3 0.000971
Total SS 0.138413 9
R2 0.97895
Adjusted R2 0.93684

a T is the reaction temperature, pH is the pH of the acetate buffer, L is
linear effect, Q is quadratic effect, SS is sum of squares, df is degrees of
freedom and MS is mean of squares. Signicant factors (p-value ¼ 0.05)
appear in bold.
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between independent variables (reaction temperature and
pH of the buffer solution) and dependent variable (absor-
bance) was plotted and carefully examined as illustrated in
Fig. 8.

Percentage relative error (Er%) of predicted optimum

and observed optimum ¼ �0.007%.

The overlay contour plot of both CCCD and ANN predictive
models (Fig. 9) shows coincidence of the optimal location for
both optimization techniques at the maximum temperature
of the water bath and the pH of the buffer solution equal
to 5.0.

3.3.3. Support vector machines. As was performed for ANN,
data from CCCD, including experimental conditions and cor-
responding responses, were entered into StatSo STATISTICA
10 soware and training was performed using different SVM
kernels, including linear, polynomial, RBF and sigmoid. The
best training performance was achieved using RBF kernel, and
hence it was further optimised by trying different gamma values
6390 | RSC Adv., 2015, 5, 6385–6394
(g ¼ 1/s2) (ref. 36) that were gradually increased from 0.1 to 2.0
performing 4-fold cross-validation each time. The best param-
eters with the best performance characteristics were chosen
where the kernel type was RBF, g equaled 2.0, the regression
type was 3, the capacity equaled 50, the training performance (r)
equaled 0.99967, the mean error squared equaled 0.00001 and
the cross-validation error equaled 0.198. The grid search
parameters for 4-fold cross-validation optimization of SVM
parameters was of a minimum of 10 and 0.01, a maximum of
100 and 0.10 and an increment of 10 and 0.01 for capacity and 3,
respectively.

In a similar manner to ANN, optimal location was
determined by plotting and carefully examining the surface
plot.

Percentage relative error (Er%) of predicted optimum

and observed optimum ¼ �0.41%.

The overlay contour plot of both CCCD and SVM predictive
models (Fig. 10) shows coincidence of the optimal location for
both optimization techniques at the maximum temperature of
the water bath and the pH of the buffer solution equal to 5.0.

Therefore, the three optimisation techniques (CCCD, ANN
and SVM) gave the same results with a low value of error percent
(Er%), which conrms that pH 5.0 for the buffer solution and a
boiling water bath are the optimum conditions for Hantzsch
condensation reaction of sodium alendronate for its determi-
nation in oral solution formula.
3.4. Optimization of extraction procedure

On application of the proposed method without an extraction
step on the oral solution formula, a recovery above 115% was
obtained. Thus, a further investigation was done by applying
the procedure on a placebo preparation that shows recovery
above 15%. Thus, the extraction step was carried out using
another organic solvent that is immiscible with water as the
resulting derivative has a highly polar moiety in its chemical
structure coming from ALN as illustrated in Fig. 3. Other sus-
pected interferents are known to be less polar, which are most
probably methylparaben and propylparaben. Each inactive
ingredient in the dosage form other than methylparaben and
propylparaben (citric acid, sodium citrate, raspberry avor and
sucralose), was allowed to undergo the procedure (either alone
or spiked with ALN) without the extraction step and obtained
accurate results in the ALN assay. Organic solvents heavier than
water were preferred to avoid the use of separating funnels that
make the procedure more time and effort consuming. Hence,
methylene chloride was tried by adding 20 mL into a centrifuge
tube containing 10 mL of the derivatised solutions with
vigorous shaking for 1 minute. Sonication was performed for 30
minutes to break down the formed emulsion, and then the
solutions were allowed to cool for 15 minutes. Upon measure-
ment of the solution, accurate results were obtained. Shaking
for less than 1 minute led to inaccurate results. Sonication less
than 30 minutes was insufficient for breaking the emulsion.
This journal is © The Royal Society of Chemistry 2015
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Fig. 6 Surface plot for CCCD.

Paper RSC Advances

Pu
bl

is
he

d 
on

 0
4 

D
ec

em
be

r 
20

14
. D

ow
nl

oa
de

d 
on

 1
2/

5/
20

25
 1

1:
32

:0
9 

A
M

. 
View Article Online
3.5. Validation

Using the optimized reaction parameters, the developed spec-
trophotometric method was validated in terms of linearity,
accuracy and precision.

3.5.1. Linearity. The calibration graph for ALN using the
proposed spectrophotometric method was found to be linear
(r ¼ 0.99993), that is adherence of the system to Beer's law was
found over the concentration range of 2.44–34.10 mg mL�1.
Absorbance reading and concentration (mg mL�1) were
Fig. 7 Desirability function graph for CCCD.

This journal is © The Royal Society of Chemistry 2015
subjected to least squares linear regression analysis to calculate
the calibration equation (y ¼ �8.57 � 10�4 + 2.30 � 10�2x) and
other statistical parameters.39 The values of Sa, Sb and Sy/x were
found to be 3.36 � 10�3, 1.61 � 10�4 and 4.31 � 10�3, respec-
tively. The obtained low values of Sa, Sb and Sy/x along with the
high value of F (20 459.47191), indicate good linearity of the
calibration graph.

3.5.2. Limits of detection (LOD) and limits of quantitation
(LOQ). The concentrations of the analyte showing responses of
RSC Adv., 2015, 5, 6385–6394 | 6391
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Fig. 8 Surface plot for ANN predictive model.

Fig. 9 Overlay contour plot for CCCD and ANN predictive model
showing experimental points.

Fig. 10 Overlay contour plot for CCCD and SVM predictive model
showing experimental points.
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a + 3Sy/x and a + 10Sy/x were considered as LOD and LOQ,
respectively.40 LOD and LOQ of ALN using the proposed spec-
trophotometric method were found to be 0.56 and
1.87 mg mL�1, respectively. These values were low enough,
indicating that the method is suitable for the determination of
ALN in dosage forms.

3.5.3. Accuracy and precision. In order to test the accuracy
and precision of the proposed methods, three replicate deter-
minations of laboratory prepared test solutions of the placebo
spiked with the drug were carried out. The concentration of the
drug in the prepared test solutions was within the linearity
range of the drug. The assay was repeated three times on the
6392 | RSC Adv., 2015, 5, 6385–6394
same day (for studying intra-day precision) or on other day (for
studying inter-day precision) for each test solution. The
percentage relative error (Er%) values and calculated RSD% for
intra- and inter-day precision were found to be less than 2%,
indicating good accuracy and precision of the proposed
method (Table 5). Neglecting the extraction step resulted in a
recovery above 15% for placebo due to interference from
excipients.

3.5.4. Application to pharmaceutical formulation. The
proposed method was successfully used to determine ALN in
Borgalendro® oral solution. Three replicate determinations
were performed. Satisfactory results were obtained and they
This journal is © The Royal Society of Chemistry 2015
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Table 5 Intra-day and inter-day precision and accuracy for the
determination of ALN using the proposed spectrophotometric
methoda

Concentration (mg mL�1) Mean % recovery � SD RSD (%) Er (%)

(a) Intra-day precision and accuracy
0.00 (placebo) 0.68 � 3.79 � 10�2 5.56 0.68
19.47 100.73 � 1.65 � 10�1 0.20 0.73
24.34 98.47 � 9.62 � 10�2 0.10 �1.53
29.21 100.31 � 3.32 � 10�1 0.28 0.31

(b) Inter-day precision and accuracy
0.00 (placebo) �0.41 � 2.27 � 10�1 �55.90 �0.41
19.47 98.52 � 2.60 � 10�1 0.33 �1.48
24.34 99.37 � 2.61 � 10�1 0.26 �0.63
29.21 98.63 � 2.12 � 100 1.79 �1.37

a Mean � standard deviation of three determinations.
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were in good agreement with label claims (91.35 mg of anhy-
drous sodium alendronate which is equivalent to 70 mg alen-
dronic acid per unit dose 75 mL bottle). The results obtained
were statistically compared with those from the reported
method using Student's t-test (for accuracy) and the variance
ratio F-test (for precision). The obtained t and F values at n ¼ 3
were 1.69 and 1.10, respectively. The values were smaller than
the critical values (2.78 and 19, for t and F tests, respectively),
indicating there were no signicant differences between the
results obtained from the proposed method and from the
reported method.2
4. Conclusion

Experimental design and machine learning strategies were
investigated and compared for the parameter screening and
optimization of the Hantzsch condensation reaction for ALN in
its oral solution. PBD was used for screening of the reaction
parameters, whereas the optimization was performed using
CCCD, ANN and SVM. The three optimization techniques gave
the same results with low Er%. Aer method optimization, ALN
was assayed using the proposed spectrophotometric method,
which was fully validated. Interferences from oral solution
excipients were eliminated with a simple extraction procedure
before measuring the absorbance at 340 nm. Although the
Hantzsch condensation reaction is affected by a large number
of parameters to be optimized, the experimental design and
machine learning strategies used allow fast and accurate opti-
mization of these parameters. Thus, spectrophotometric reac-
tions, which are affected by too many factors can be simply
applied by the aid of smart chemometric techniques.
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