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Abstract- The stability constants of ion-ionophore complexes can determine the selectivity of
ion-selective electrodes. In this study, the quantitative structure-property relationship (QSPR)
model was employed to predict the complex stability constants of lead ions with different
ionophores. The Genetic algorithm-multiple linear regression method (GA-MLR) developed
models based on calculated molecular descriptors. Y-randomization testing, cross-validation,
and test set compounds were applied to evaluate the predictive ability of the built model. This
built model obtained high statistical quantities (R%ain= 0.899, R%dj = 0.877, Q%.00 = 0.831,
Q%00 = 0.776, and Q%voot = 0.780) and showed that GA-MLR was a promising tool to predict
the complexation stability of pb?* with different ionophores. The current study introduces an
efficient model for testing and assessing selectophores in lead-selective sensors based on
complex stability constants. Additionally, this model could guide the design of highly selective
ionophores for Pb (1) sensors.

Keywords- Lead-selective electrode; Complex stability constant; QSPR; Genetic algorithm,
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1. INTRODUCTION

Among the methods for low-level determination of ions in solutions, potentiometric ion-
selective sensors are widely used as the conventional method, which offers an inexpensive and
simple way for monitoring several cations and anions within acceptable sensitivity and
selectivity. It is well known that ion-selective electrodes (ISEs) are quickly and easily used for
chemical, clinical, and environmental analyses [1,2]. The highly selective interactions between
the sensing material (ionophore) and the target species give these sensors selectivity [3].

As the importance of controlling pollution levels in various biological and environmental
samples, researchers increasingly develop new sensors to detect heavy metals such as lead ions.
Lead is the most widely used heavy metal. Its industrial use has increased due to many of its
properties over the last decades. This element has been described as toxic, slow-acting, and
producing a variety of symptoms [4]. Therefore, developing ion-selective electrodes for
determination in various actual samples is both necessary and challenging .

An ion-selective potentiometric electrode relies entirely on its sensing material, so selecting
the suitable sensing material is one of the main steps in designing ISEs. It was suggested that
the mechanism for the selective recognition of different ions within those sensors is based on
ion-dipole interactions that result in selective complexation between the target ions and the
sensing material [3]. Thus, the stability constants of complexes between lead ion and
ionophores (K) indicate the ionophore's selectivity towards the ion. In contrast, the selectivity
of ISEs can be predicted fully from the stability constants of the complexes. Despite the
requirement for high stability constants for a complex between an ion and ionophore to exhibit
selectivity, these constants must not be so high that ions are tightly bound, thus kinetically
irreversible, and the sensor shows a long response time. A helpful range of ion-selectophore
complex formation constants from previous studies is typically about 104-107.

The increase in the industrial use of lead, on the one hand, and its health hazards, on the
other, have caused research into neutral ionophores for the preparation of Pb(ll) selective
sensors to be relatively widely pursued [5-8]. It is necessary to run several experiments to
determine the selectivity of newly designed ionophores, but there are time constraints and
extremely high costs associated with the experiments. Consequently, it would be interesting to
make a prediction model of the selectivity of ion-selective sensors based on the stability
constant of ionophores with target ions before conducting any experiments [9-11]. Here, the
well-known quantitative structure-property/activity relationship (QSPR or QSAR) is
developed and has proven to be a valuable tool for predicting various physical, chemical,
biological, and toxicological properties of compounds based on experimental data and
molecular structures [12-15]. By using the QSPR/QSAR method, the considered property can
be readily ascertained without requiring any experiments to synthesize and test new
compounds. Therefore, this approach can quickly develop materials and molecules with desired
properties.
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The experimental data in QSPR models are related to physicochemical properties, used to
create the model as dependent variables. The parameters are descriptors that need molecular
structures. Only those in correlation with the considered property should select some of these
descriptors. Therefore, one of the essential steps of the QSPR study is to employ a technique
to choose the respective variables. After that, various modelling methods are used to build the
model.

For the first time, we developed a QSPR model to predict ionophores' selectivity behavior
toward lead(ll) applied to ion-selective electrodes. To attain this goal, we used Genetic
algorithm-multiple linear regression (GA-MLR) as a variable selection method for the QSPR
model that predicted the stability constants of complexes between lead ions and ionophores.

2. MATERIALS AND METHODS
2.1. Data set

The data set used in this study consists of experimental stable constant values for 1:1
complexes of Pb?*cation with 30 organic ligands, as reported by Ganjali et al. [16-45]. A
logarithmic constant log Kr was used to develop the QSPR model, where K is defined as
follows:

_ [PbL*t]
" oL @)

According to the conductometric method, the stability constants were obtained
in acetonitrile solutionat 25°C. The chemical structures of the molecules and the
corresponding values of log Kr are given in Table 1. Two subsets of a data set were randomly
chosen: a training set consisting of 24 molecules (80%); and a test set consisting of 6 molecules
(20%). The QSPR model was constructed from the training set compounds, whereas the test
set molecules were used to evaluate the built model's ability to predict the response. The test
set molecules were marked and listed in Table 1.

Table 1. Experimental and predicted values of log Kr for Pb?*-ionophore complexes for
training and test sets by GA-MLR model?

No. Structure Log Kt Ref.
EXp. Pred.

2.44 1.95 [16]
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2.2. Descriptor calculation

A two-dimensional (2D) chemical structure of each of the studied molecules was drawn in
the Hyperchem program [46] and pre-optimized via molecular mechanics force fields
(MM+). MOPAC software was used for the final optimization with a root mean square
gradient of 0.01 kcal mol? using the semi-empirical AM1 method. After optimization,
these optimized structures are fed into the Dragon program [47] to calculate the molecular
descriptors such as geometrical, constitutional, topological, and charge descriptors. We
scanned the derived descriptors and excluded any constants or near-constant variables. The
correlation of the remaining descriptors to log Kr values was calculated during the next step,
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and those detected as collinear descriptors (r > 0.90) were removed. Ultimately, 763 descriptors
remained for further analysis.

2.3. Genetic algorithm analysis

QSPR models should be constructed with the most relevant descriptors to achieve the
highest accuracy and precision. The genetic algorithm is the most common approach for
selecting this best collection of variables (GA). GA begins with a chromosome, which contains
several randomly chosen variables, and each chromosome contains genes [48,49]. Each
chromosomal subgroup is assessed for its ability to predict property values. In this
investigation, the fitness function in the genetic algorithm approach was the correlation
coefficient of leave-one-out cross-validation (Q2LOO) [50]. The ultimate mutation happens
after executing the incorrect subset of variables and breeding the remaining subsets, and the
most relevant descriptors are picked. The GA approach was implemented as a selection tool in
Matlab 6.5 [51]. This study used GA-MLR to select descriptors and develop a suitable QSPR
model.

3. RESULTS AND DISCUSSION

In the modeling process, the genetic algorithm chose the most relevant descriptors. The
training set chemicals and chosen descriptors were subjected to multiple linear regression
analysis. According to the GA-MLR analysis, the following equation describes the prediction
of log Kr complexes:

Log Kt =2.552+(0.317) nHBonds+(4.306) BO5[C-0O]+(-0.598) BO5[N-S]+(-4.310) BO6[C-0] (2)
R?=0.899, R%j=0.877, Q% .00= 0.831, Q?%.co= 0.776, Q%0ot = 0.780, R%est =0.714, F=42.3

where R?, R3,;, F, Qfo0, Qico. and Q,,, are squared correlation coefficients, adjusted R?,
Fisher F statistic, squared cross-validation coefficients for leave one out, leave group out and
bootstrapping, respectively.

This higher result for Q2,, (0.831) suggests that the QSPR model is more reliable. Leave
group out (LGO) cross-validation involves removing 20% of the data points from the dataset
and refitting the model, which compares the predicted with the experimental values. Each data
point is removed only once during this process. The obtained regression model shows an
excellent external predictive power based on cross-validation for the leave group out parameter.

The bootstrapping results (high Q3,,,) also guaranteed the robustness and predictive
ability of the proposed model. During bootstrap validation, random training sets with sample
repetitions are created, and then predicted responses of samples not included in the training set
are assessed. Each verified model went through the bootstrapping procedure 5,000 times.

The GA-MLR method's statistical characteristics (high R?, RZ%gj, and F) reflect the
proposed model's predictive power. Also, the results produced by the cross-validation tests
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include LOO (QZ,,= 0.831) and LGO (Q%;, = 0.776), and bootstrapping (Q3,,. = 0.780)
illustrated the quality of the obtained model. Table 1 lists the predicted logarithmic stability
constants of Pb(Il) complexes, including various ionophores. In addition, the experimental log
Kt values are shown versus the predicted log Kr values in Figure 1.
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Figure 1. The plot of the calculated complex stability constant (log Kr) against the experimental
values

According to equation 2, four descriptors appeared in this QSPR model consisting of
nHBonds, BO5[C-O], BO5[N-S], and BO6[C-O], with mean effects %3.09, %49.96, %2.19, and
%44.74 respectively. The first selected descriptor is the number of intramolecular hydrogen
bonds (nHBonds). The formation of intramolecular hydrogen bonds has a very pronounced
effect on molecular structure. According to this model, it can be speculated that this effect leads
to increasing the interaction between ionophore and Pb?" and consequently, the complexation
stability constant value increases. BO5[C-O] and B06[C-O] are sub-structural descriptors that
describe the presence/absence of the C-O topological fragment in 05 or 06 distance,
respectively. It is reasonable to assume that the presence of C-O fragment at a proper distance
describes the charge-dipole interaction between oxygen lone pairs in ionophores and lead
cation. BO5[N-S] descriptor is the presence/absence of N-S at topological distance 05. This
descriptor has a few effects (ME% = 2.19) on the stability constant, but this descriptor’s
insertion in the model improves the reliability.

The developed model's robustness was assessed using Y-randomization [52]. We shuffled
log Kr values for the set of chemicals before building a new model using the randomized data.
In Table 2, we presented the results for the new QSPR models (after ten repetitions). According
to Table 2, all new R? and QZ,, values were lower than those obtained for non-shuffled data,
suggesting that the excellent model was not due to chance.
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Table 2. The Qfyo and R, ginin, Values after several Y-randomization tests

No. R? Q?
1 0.296 0.088
2 0.223 0.113
3 0.309 0.075
4 0.097 0.094
5 0.184 0.097
6 0.092 0.100
7 0.261 0.292
8 0.115 0.084
9 0.316 0.003
10 0.217 0.105

606

Williams plot, which plots residuals (3) vs. leverage values (h), was performed to show the
applicability domain (AD) to understand possible compounds as outliers [53]. In this research,
the normal control values for Y outliers were set to =3c, and for X outliers (h* or 3h) were
computed as 3p/n, where p is the number of model variables plus one and n is the number of
the objects used to create the model. The William plot is shown in Fig. 2. All compounds have
leverage lower than the warning h* values of 0.625, indicating that all compounds have good
leverage. There are also no outlier chemicals with standard residuals over 3. The acceptability
of the constructed model to predict the property using the GA-MLR approach is shown in the

figure.
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Figure 2. The Williams plot of the GA-MLR model for the training and test sets
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4. CONCLUSION

As the ionophore is the most critical component of any ion-selective sensor, we have
developed a new accurate and reliable QSPR model to predict ionophore selectivity toward
Pb?* based on stability constants of the lead-ionophore complex. According to the results
obtained with the derived GA-MLR model, the model's predictive ability was acceptable. The
QSPR model can also predict the properties of new compounds, and the information derived
from that can be used to design highly selective ionophores for lead sensors.
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