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Abstract The complexation stability of lanthanum ion

with different ionophores was efficiently predicted by the

quantitative structure–property relationship (QSPR) model.

Since the selectivity of ionophores can be determined by

the stability constants of lanthanum–ionophore complexes,

QSPR studies on complex stability constants (logK) were

performed. The Genetic algorithm-multiple linear regres-

sion method was used to develop models based on calcu-

lated molecular descriptors. The best model was validated

using Leave-One-Out and Leave-Group-Out cross valida-

tion, external test set and Y-randomization. The MLR

model, with high statistical significance (Rtrain
2 = 0.910,

QLOO
2 = 0.868, QLGO

2 = 0.860), could be used to predict

the stability constants of lanthanum–ionophores com-

plexes. This paper provided a novel method that only used

chemical structures to develop efficient and stable model

for testing and estimating ionophores in lanthanoide sen-

sors based on complex stability constants, for the first time.
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Introduction

Potentiometric ion-selective electrodes (ISEs) are well-

established analytical tools routinely used for selective and

direct measurement of a wide variety of ions in complex

biological and environmental samples. As it is known,

potentiometric electrodes possess significant advantages.

They offer direct, simple, rapid, inexpensive and selective

detection of ionic activities. The selectivity of these sensors

stems from the highly selective interactions between the

sensing material and the target species [1]. On the other

hand, the vital component of any potentiometric ion-

selective sensor is definitely its ion-selective membrane, or

in fact, the sensing material. The sensing material exhibits

the selectivity with which the sensor responds to the ana-

lyte in the presence of other ions in the sample. If an ion

can pass through the boundary between the organic and the

aqueous phases, it will be sensed by the sensing material in

the ion-selective membrane.

Many mechanisms have been suggested for the selective

recognition of different ions in the electrodes [1], most of

which focus on the selective complexation between the

target ion and a specific species (sensing material or ion-

ophore) resulting from the ion–dipole interactions. The

complex stability constant (K) shows the selectivity of the

used ionophore toward the ion. On the other hand, the

selectivity of ISEs can be fully predicted from the stability

constants of each ion–ionophore complex. Although the K

between the ion and the ionophore is required to be high

enough to produce a noticeable selectivity, this constant

must not be so large that ions are tightly bound, making the

complexation process kinetically irreversible, so the sensor

exhibits long response time [1]. Based on previous studies,

the useful rang of ionophore complex formation constants

in an ISE is usually about 104–107.

The main problem in the ISEs field is the invention of

proper selectophore especially for a lanthanide selective

sensor. The suitable selectophore must strongly form a

complex with one of the cations in comparison with the

R. Kiani-Anbouhi � M. R. Ganjali (&) � P. Norouzi

Center of Excellence in Electrochemistry, Faculty of Chemistry,

University of Tehran, Tehran, Iran

e-mail: ganjali@khayam.ut.ac.ir

123

J Incl Phenom Macrocycl Chem

DOI 10.1007/s10847-013-0303-4



other ones. In practice, the complexation stability of an

ionophore is mostly studied after doing some experiments.

Such experiments in the laboratory are time consuming and

costly, therefore the application of theoretical methods for

prediction of ion–ionophores complex stability constants

for this purpose seems necessary.

Quantitative structure–property/activity relationship

(QSPR/QSAR) studies, as one of the most important areas

in chemometrics, was used widely to predict a wide variety

of physical, chemical, biological and toxicology properties

[2–5].

The QSPR/QSAR is based on the assumption that the

variation of the behavior of the compounds, as expressed

by any measured physicochemical properties can be cor-

related with numerical changes in structural features of all

compounds, termed ‘‘molecular descriptors’’ [6, 7]. The

advantage of this approach lies in the fact that it requires

only the knowledge of the chemical structure and is not

dependent on any experimental properties. Once a corre-

lation is established, it can be applied for the prediction of

the property of new compounds that have not been tested,

synthesized or found. Thus, the QSPR approach can

expedite the process of development of new molecules and

materials with desired properties.

The main steps in QSPR consist of compilation of a data

set, calculation of descriptors to numerically encode the

structural features of the data set compounds, feature

selection to choose a small sub set of descriptors that relate

molecular structure to physicochemical property and vali-

dation of the models developed. However, the successful

application of QSPR method frequently demands a rea-

sonable selection of input descriptor sets for the attainment

of enhanced prediction results. As a consequence selection

of new molecular descriptors with higher correlation

towards the property is significant. Nowadays numerous

molecular descriptors such as constitutional, topological,

geometrical, electrostatic and quantum chemical descrip-

tors are available that explain different aspects of structural

variations. These descriptors correlate with a broad variety

of physicochemical properties and biological activities [8].

Due to the critical importance of selective determination

of La(III) ion, especially in biological, industrial and water

samples [9–12], there have been relatively many attempts

to preparation of La(III) selective membrane electrodes

based on different selectophores [13–16].

In this work, we established a QSPR model for predic-

tion of complexation stability of lanthanum ion with

ionophores for application in lanthanoid electrodes, for the

first time. For this aim, we have designed a QSPR model

for predicting the stability constants of complexes between

lanthanum ion and ionophores using Genetic algorithm-

multiple linear regression (GA-MLR).

Experimental section

Equipment

A Pentium IV personal computer (CPU at 3.06 GHz) with

Windows XP operating system was used. The chemical

structures of the studied molecules were drawn with Hy-

perchem software and their geometries were optimized.

Then molecular descriptor calculations were performed

using Dragon package version 5.5 [17]. Genetic algorithm-

multiple linear regression (GA-MLR) and the other cal-

culations were performed using MATLAB (Version 7.0,

Mathworks).

Dataset and data pretreatment

Experimental stability constant values for the 1:1 com-

plexes of La3? cation with organic ligands (LaL3?) were

compiled from the literature published by Ganjali et al.

(cf. references from Table 1). For the QSPR model

development the logarithmic constants log K were used,

where K is defined as follows:

K ¼ ½LaL3þ�
La3þ½ �½L� ð1Þ

All stability constants correspond to conductometric

method in acetonitrile solutions and temperature 25 �C.

Table 1 gives the list of the 29 different ligands that were

selected for the present QSPR study. This data set was

randomly divided into two groups; a training set consisting

of 24 ligands for variable selection and development of

model and a prediction set that includes 5 ligands which

was used to evaluate the model prediction ability (Table 1).

The chemical structures of the studied molecules were

drawn with Hyperchem software. These geometries were

pre-optimized by means of the MM? molecular mechanics

method (PolakeRibiere algorithm), and the final geometries

of the minimum energy conformation were obtained by a

more precise optimization with the semi-empirical Austin

Model-1 (AM1) method. These optimized structures fed

into the Dragon program and the descriptors were calcu-

lated. Among calculated descriptors, constant, near con-

stant or pair-wise linearly correlated descriptors (higher

than 0.9) were detected and removed. Finally, all the

descriptors were collected in a (n 9 m) data matrix, where

n and m represent the number of the compounds and the

descriptors, respectively.

GA-MLR analysis

The calculated descriptors and the experimental stability

constants of complexes were analyzed with the aid of
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Table 1 Experimental and predicted values of logK for lanthanum–ionophore complexes together with the values of the descriptors appearing in

the model for training and test sets by GA-MLR model

No. Structure GATS1v RNCG SHP2 Mor11u E2u LogK

(Exp.)

LogK

(Calc.)

References

1

N

O
NH HN

CH3H3C

O

N

0.851 0.095 0.293 -0.057 0.494 2.23 3.47 [18]

2a

OHHO

N N

HO OH

0.770 0.080 0.333 0.268 0.558 4.3 4.12 [19]

3

OH

N N N N

HO
HO

0.893 0.051 0.211 -2.096 0.468 6.79 6.74 [20]

4a

HN

N N

H3C O

S

N S

0.817 0.180 0.420 -0.072 0.448 2.83 1.84 [21]

5

N

O

N
H

N
H

O

N

0.874 0.116 0.326 0.718 0.487 2.32 2.10 [22]

6

N

O
NH HN

O

N

H3C 0.905 0.106 0.317 0.759 0.483 2.24 2.29 [23]

7

N

S
NH

N

S
CH3

0.763 0.166 0.413 0.084 0.480 2.6 2.04 [24]
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Table 1 continued

No. Structure GATS1v RNCG SHP2 Mor11u E2u LogK

(Exp.)

LogK

(Calc.)

References

8

N NHN

S

NH2

NH

S

H2N

0.712 0.121 0.306 0.172 0.531 2.36 2.44 [25]

9

S

S
S

S

S

N

N

S

S S

S
S

0.644 0.106 0.276 -0.437 0.577 3.92 3.68 [26]

10

NH2N N

HO

0.815 0.155 0.418 0.433 0.520 2.76 2.50 [27]

11

O

N

N N

N

CH3H3C

NO2

O

O2N

1.078 0.113 0.348 -0.932 0.425 5.32 4.95 [28]

12

N

HN

HN

S

NO2

0.799 0.135 0.399 0.398 0.530 2.85 2.93 [29]
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Table 1 continued

No. Structure GATS1v RNCG SHP2 Mor11u E2u LogK

(Exp.)

LogK

(Calc.)

References

13a

S

N N N N

S

CH3H3C 0.904 0.139 0.371 -0.309 0.466 3.36 3.33 [30]

14a

HN

O

N

OH 0.846 0.106 0.303 0.001 0.401 2.41 2.15 [31]

15

H
N

H
N

O

N
H

S
O

O
N

0.971 0.151 0.313 0.109 0.470 2.17 2.19 [32]

16

N

N OH

N NH2

0.919 0.157 0.356 0.238 0.478 2.33 2.12 [33]

17

Et N

N Et

S S

S S

Et N

N Et

S S

0.963 0.093 0.381 -0.222 0.415 3.59 4.14 [34]

18a

S

N

O

S

H
N

OH
0.794 0.16 0.433 0.151 0.475 2.23 2.35 [35]
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Table 1 continued

No. Structure GATS1v RNCG SHP2 Mor11u E2u LogK

(Exp.)

LogK

(Calc.)

References

19

OH

N

O

N

HO

0.841 0.076 0.301 0.73 0.442 2.43 2.25 [36]

20

N

O

NH HN

O

N

1.005 0.134 0.333 0.637 0.535 2.74 2.87 [37]

21

HN P NH

N

O

OMe

CH3H3C

MeO 1.223 0.202 0.344 -0.194 0.472 2.57 2.64 [38]

22 N

N

N

1.114 0.093 0.38 0.011 0.512 5.85 5.45 [39]

23

HO

HOH2C OH

N

N

HN

NH

NH2

S

NH2

S 0.885 0.118 0.383 -0.261 0.372 2.59 2.80 [40]

24

N

N

NH2

O

NH2
0.795 0.177 0.467 0.179 0.544 2.71 2.94 [41]
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Table 1 continued

No. Structure GATS1v RNCG SHP2 Mor11u E2u LogK

(Exp.)

LogK

(Calc.)

References

25

OH

N

N

N

N

OH

OH

0.948 0.044 0.178 0.507 0.471 3.33 3.02 [42]

26 t.Bu

OH
ZBOOBZ

OBZ

t.Bu

t.Bu

Bu.t

1.029 0.034 0.163 0.424 0.357 2.33 2.33 [43]

27

OH

N N

O

HO

O

OH

OHO O OH 1.365 0.097 0.352 0.641 0.478 4.93 4.79 [44]

28

N

NH2

CH3

S

0.818 0.179 0.44 -0.405 0.431 2.77 2.36 [45]

29

O

NH

O N

O

1.006 0.183 0.415 0.097 0.495 2.18 2.74 [46]

a test set
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GA-MLR. MLR is the most used modeling methods in

QSPR. In order to minimize the information overlap in

descriptors and to reduce the number of descriptors

required in the regression equation, the concept of nonre-

dundant descriptors was used in our study. The best

equation was selected on the basis of the highest Q2 [47].

The MLR method provided an equation linking the

structural features to the logarithm stability constants of

complexes:

Log K ¼ a0 þ a1x1 þ � � � þ anxn ð2Þ

where the intercept (a0) and the regression coefficients of

the descriptors (ai) are determined using the least-squares

method. xi has the common definition-variable or descrip-

tor in this case. The elements of this vector are equivalent

numerical values of the chemical descriptors. When the

regression analysis is completed, the best models for dif-

ferent dependent and independent variables were chosen.

Results and discussion

The quantitative relationships between the molecular

property and the calculated descriptors were obtained by

the MLR and the features (or variables) were selected by

GA.

The model obtained was validated using leave-one-out

(LOO) and leave-group-out (LGO) cross validation pro-

cess. In the LOO-CV procedure, n - 1 samples from a

total dataset were used to construct a calibration set, and to

build a QSPR model between the selected descriptors and

one of the stability constant values. Then, the property of

the left out sample was estimated by the designed model.

This procedure was repeated until every sample in the total

dataset was used for a prediction. For LGO-CV, a 20 % of

the data points are removed from the dataset and the model

refitted; the predicted values for those points are then

compared to its experimental values. Again, this is repeated

until each data point has been omitted once. Some statis-

tical quantities such as the; square of the correlation

coefficient (R2), square of the correlation coefficient of the

CV (Q2), adjusted R2 (Radj
2 ), and standard deviation error of

calibration(SDEC), standard deviation error of prediction

(SDEP) and F values, were calculated. The following

equation was obtained between the stability constant values

of complexes and their molecular descriptors for the pre-

diction of logK:

Log K ¼ � 5:659 þ 3:971ð ÞGATS1v
þ �25:491ð ÞRNCGþ 9:117ð Þ SHP2

þ �1:477ð ÞMor11uþ 10:969ð ÞE2u ð3Þ

The QSPR model and its statistical parameters were

presented in Table 2 and Fig. 1. The calculated against the

experimental logK values for the training and test set are

shown in Fig. 1. This plot indicates an excellent correlation

between the experimental and predicted values.

Also, in order to obtain the extent of contributions of

each descriptor in the stability constant, the mean effect

(ME) percentage of each parameter was calculated as

follows:

MEJ
j % ¼

Pn
i¼1 Dij � aj

PJ
j¼1

Pn
i¼1 Dij � aj

�
�

�
�
� 100 ð4Þ

Equation 4 gives the opportunity of obtaining one

specific descriptor ME value and the way the descriptor

Table 2 Selected model of

multiple linear regression

Statistics of the model

R2 = 0.910, QLOO
2 = 0.868,

QLGO
2 = 0.860, Radj

2 = 0.883,

SDEC = 0.378, SDEP = 0.455

and F = 35.95

Descriptor Notation Coefficient Mean effect (%)

Geary autocorrelation - lag1/weighted by atomic

van der waals volumes

GATS1v 3.971 41.66

Relative negative charge RNCG -25.491 -34.93

Average shape profile index of order 2 SHP2 9.117 34.93

3D-MoRSE - signal 11/unweighted Mor11u -1.477 -1.06

2nd component accessibility directional

WHIM index/unweighted

E2u 10.969 59.40

Intercept -5.659

Fig. 1 Plot of the calculated complex stability constant (logK)

against the experimental values
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affects (proportional or conversely proportional) K values

without considering other entered descriptors effects in a

model. The ME% value of descriptors are given in Table 2.

According to Table 2, the five descriptors appeared in

this model consist of GATS1v, RNCG, SHP2, Mor11u and

E2u. GATS1v is 2D-autocorrelation dragon descriptor. The

2D-autocorrelations are molecular descriptors which

describe how a considered property is distributed along a

topological molecular structure. GATS1v has shown posi-

tive influence on stability constant recommending higher

values of Geary autocorrelation of lag 1 weighted by

atomic van der Waals’ volumes (GATS1v) for elevated

property.

The relative negative charge (RNCG) is charge of the

most negative atom divided by the sum of negative char-

ges. This descriptor has been introduced by Jurs and

coworkers [48, 49] and encodes features describing polar

interactions between molecules and shows the relative

influence of the most negatively charged atom on the

overall charge of the molecule. According to Table 2,

compounds with higher localized negative charge have less

stability constant values. The negative influence of RNCG

on the stability constant of complexes emphasizes the fact

that the electron distribution in molecule (ionophore) leads

to increasing the number site of its donor atoms. Therefore,

when RNCG value decreases, the interaction between

ionophore and lanthanum ion and consequently, stability

constant value increases.

SHP2 and E2u were proposed as average shape profile

index of order 2 and 2nd component accessibility direc-

tional WHIM index/unweighted respectively. Both of them

have positive effect on the expected response and

increasing the values of them lead to increase of stability

constant values.

Mor11u was proposed as signal 11/unweighted and

belong to the 3D-MoRSE descriptors. 3D Molecule Rep-

resentation of Structures based on Electron diffraction

descriptors (3DMoRSE) are derived from Infrared spectra

simulation using a generalized scattering function [26].

Mor11u descriptor has a few effect (ME% = -1.06) on

stability constant but insertion of this descriptor in the

model improves the reliability.

Therefore, proposed MLR model (Eq. 3) has good sta-

tistical qualities and can describe relationship between

stability constant values and descriptors. The statistical

parameters for internal and external sets show, good fitting

performances (high values of R2, Radj
2 , and F) and good

predictability (low value of relative difference between R2

and Q2, high value of Rtest
2 and low value of SDEP and

SDEC). Also, cross-validation parameters confirm that the

obtained regression model has a good internal and external

predictive power.

The proposed MLR model was also checked for reli-

ability and robustness by Y-randomization test [50, 51]. In

this test, the dependent variable vector (logK) is randomly

shuffled and a new QSPR model is developed using the

original independent variable matrix. If the R2 and Q2

values of these models (after several repetitions) were

much lower than those of the original model, the model

could be considered as reasonable, and had not been

obtained by the chance. In present study, a ten time test was

developed for the proposed MLR model. The results are

presented in Table 3. The low R2 and Q2 values indicate

that the good results of the original model are not due to

chance correlation or structural dependency of the training

set.

As even a robust and validated QSPR, it cannot be

expected to reliably predict the modeled property for the

entire universe of compounds. It is a domain of application

that must be defined, and the predictions for only those

compounds that fall in this domain can be considered as

reliable. The chemical applicability domain (AD) is a

theoretical region in the space defined by the modeled

response and the descriptors of the model, for which a

given QSPR should make reliable predictions. Williams

plot or ordinary least squares (OLS), Outlier and Leverage

Plot, is the plot of standardized cross-validated versus

leverages (hat diagonals). In this plot, the horizontal and

Table 3 Results of

randomization test
No. R2 Q2

1 0.078 0.091

2 0.044 0.030

3 0.048 0.058

4 0.153 0.043

5 0.047 0.285

6 0.038 0.065

7 0.217 0.003

8 0.027 0.024

9 0.227 0.000

10 0.025 0.001
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vertical straight lines indicate the limits of normal values;

the first for the outliers and the second for influential

compounds. The normal control values for Y outliers was

set to ±3r and the normal control values for X outliers

(h* or 3 h) was calculated as 3p/n in this study, where p is

the number of model variables plus one and n is the number

of the objects used to build the model. The Williams plots for

the presented MLR models were shown in Fig. 2. It can be

found that all of the compounds fall into the AD of model.

Conclusion

The key component of any potentiometric ion-selective

sensor is undoubtedly its ion selective membrane, or se-

lectophore. The response of these ISEs could be predicted

from the complex stability constants of ion–ionophore

complexes. In this study, we have successfully demon-

strated that the theoretical molecular descriptors could be

used for development of predictive QSPR model for the

stability constants of lanthanum–ionophore complexes.

The obtained results showed that the built GA-MLR model

has good predictive ability and good agreement with the

reported values. In addition, the proposed model can

identify and provide an insight into some instructions for

further designing of high-selective ionophores for lantha-

num selective electrodes.
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