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The mutual interactions between the sodium ion (Na+) and hydrogen, 

carbon and oxygen atoms of the rings of a number of 15-crown-5 

ether (15C5) derivatives were explored. Three different categories of 

descriptors including dipole moments, orbital energies and atomic 

charges were obtained from quantum mechanical calculations. A 

reliable correlation between stability constant (logK) of the 15C5 

ethers and the mentioned electronic features was constructed. The 

model reveals considerable contributions of the C8 and C9 atoms in 

comparison to the other atoms in the rings. Moreover, quantum 

mechanical calculations confirmed the role of these two carbon 

atoms on the stability of the structures. Furthermore, a quantitative 

structure property relationship (QSPR) model was conducted on 

stability constant values of the mentioned complexes. Furthermore, 

it is found that a significant electron charge density has condensed 

between the hydrogen atoms of the rings and sodium ion. Also, ionic 

character of the interactions between the sodium ion and oxygen 

atoms of the ring was verified. 

       ©2026 University of Zabol. All rights reserved. 
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1. Introduction 

Since the discovery of the crown ethers, they have been subject of a wide variety of research studies [1-8] and 

received much attention in a few number of works [9-16]. The photo-responsive crown ethers were synthesized to 

enforce the conformational change of crown ethers for better photo-control of alkali metal cations (Rb+, Cs+, K+, 

Na+) during extraction and transportation [9,10].  The conductance property of crown ethers has been previously 

studied by some authors. They particularly investigated the change in conductance as the crown binds to H+, Li+, 

Na+, K+ cations. Thus, the crown ethers act as molecular sensors or molecular switches [11].  It has been found 

that the cationic binding significantly leads to decrease of conductance due to the quantum mechanical effects. 
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These macro-cycles are found to be useful in ionic chromatography for determination of the alkali and alkali-earth 

cations, ammonium, and amines [12]. The fluorescence characters of the mentioned macro-cycles have been 

investigated via time resolved-emission studies and results showed that the fluorescence gets quenched due to 

efficient spin-orbit coupling correlations [13]. Moreover, charge transfer in the presence of surfactants, 

complexation with sodium ions in water-organic solvent mixtures, and effect of benzo substitution on the 

complexation with NaClO4 have been investigated [14-16]. 

Crown ethers are capable of reducing the cation/anion interactions through shielding the cations and activating 

the anions. This property has enhanced the use of crown ethers as a salt solvent in organic solutions and as catalysts 

in phase-transfer catalysis or enzyme mimics. It can be deduced that the important feature of the crowns is 

complexation with the cations and in particular with the alkali metal ions. Thus, a broad range of research studies 

were performed on crown ethers including complexation with the various kinds of cations [17-21]. Different types 

of interactions influence on the kinetics and thermodynamics of the complex formation in crown ethers in both 

aqueous and organic solutions [22-29]. Experimental measurement techniques such as potentiometry, 

conductometry and calorimetry are available to evaluate the stability constants of the complexes of crown ethers 

with metal ion [30, 31].  

Some researchers such as Ghasemi et al. developed a QSPR model and determined stability constants for 

complexes of 15C5 ethers with potassium cation (K+) at 25 ℃ in methanol solution. They calculated 

comprehensive descriptors for structural and statistical analysis (CODESSA), including constitutional, 

geometrical, topological, electronic, thermodynamic and quantum chemical, by applying a semi-empirical 

quantum computation of Austin Method 1 (AM1) [32]. Shahin Ahmadi et al. investigated stability constants of 65 

complexes of 15C5 with sodium ion (Na+) using genetic algorithm based multiple linear regression method [33]. 

They used dragon software and obtained a collection of classical descriptors to develop a reliable QSPR model. 

Their QSPR model developed in this study and showed accurate predictions with the leave one out cross-validated 

variance (����
� = 0.88) and the external-validated variance (����

� = 0.82). Although in both recent studies that 

performed on the prediction of stability constants of 15C5 ethers with the potassium and sodium ions the good 

models were presented, the nature and amount of interactions between cations and crown ether have not clearly 

been demonstrated. This type of ambiguity, in particular, can be seen in those models which are designed and built 

using descriptors obtained from dragon software. In order to get a better picture from the 15C5-Na+ interactions, 

more relevant quantum mechanical ab initio descriptors need to be employed to construct a suitable model. 

Since the variation in an activity/property typically will be related to more than one single descriptor, QSAR 

modeling depends deeply on statistical methods. However, since QSAR modeling may look for unknown relations 

between several descriptors, traditional statistical approaches such as simple multiple linear regression (MLR) may 

not be the ideal choice. Thus, development of QSAR models has been often successful in conjunction with a 

nonlinear regression such as support vector machine (SVM). The SVM introduced by Cortes and Vapnik [34] is a 

valuable tool for solving pattern recognition and classification problem. The SVM can be employed for regression 

problems with the introduction of an alternative loss function. The least squares support vector machines (LS-

SVM) are an alternate formulation of SVM that was described by Suykens and Vandewalle [35]. The LS-SVM 

can resolve linear and non-linear multivariate calibration problems in a relatively fast manner. The theory of LS-

SVM has also been formerly described [36] and applications of LS-SVM in quantification and classification have 

been also reported [37, 38].  
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Herein, we are aiming to explore the effective interactions between the sodium ion and some 15-crown-5 ether 

derivatives using quantum mechanical calculation based on the experimental results. Indeed, a QSPR model was 

conducted on stability constant (logK) values of a number of 15C5-Na+ complexes. A reliable model was 

constructed using three different categories of descriptors including dipole moments, orbital energies, and atomic 

charges. 

2. Materials and Methods 

2.1 Data set and ligand optimization 

A typical structure of the 15C5 derivatives, shown in the Figure 1, and their corresponding stability constants are 

taken from the literature [22, 33]. The full structures of the 65 15C5 derivatives that have used in this work are 

available [33] and for saving space haven’t presented. The numerical values of logKexp, taken from the literature 

[33], as well as 24 calculated electronic descriptors for each derivative, are provided in (Supporting Information 

1). The molecular structures were built using GaussView 5 and optimized by means of Gaussian 09 at 6-31G(d, 

p) basis set for all atoms without applying any symmetry constraint. 

 
Figure 1. Typical structure of the 15C5 ether-Na+ complex; only the carbon and oxygen atoms of the ring have 

numbered 

2.2 Molecular descriptors generation 

A total of 24 molecular descriptors of different types, based on the 3D structure, were calculated to describe the 

compound structural diversity. Hardness HD, softness SOF, electronegativity EN, and electrophilicity EPH, are 

the important electronic features used to describe stability, reactivity, chemical potential and other related 

properties of molecules. Hardness has been used to understand chemical reactivity and stability of molecules [39]. 

Electronegativity was introduced by Pauling as a power of an atom in a molecule to attract electron toward itself. 

Softness is a property of a molecule that measures the extent of chemical reactivity. Electrophilicity was proposed 

by Parr et al. [39] as a measure of energy lowering due to maximal electron flow between donor and acceptor. 

Taking into account ionization potential (�) ≈ −�����and electron affinity (�) ≈ −����� , the quantum 

chemical indices of HD, SOF, EN, and EPH can be calculated as HD = (I-A)/2 = (ELUMO-EHOMO)/2, EN= (I+A)/2 

= -(ELUMO+EHOMO)/2, SOF = 1/HD, and EPH = (-EN)2/(2HD) [41, 42]. In order to take the contribution of columbic 
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interactions into account, electrostatic charge values located on i-th either carbon or oxygen atom in the ring of the 

crown ether (QCi or QOi), are outlined. Dipole interactions were also characterized using their most relevant total 

(Dtot) and root mean square values (Drms).  

The descriptors can be classified into three different electronic categories including dipoles (Dtot, Drms), orbital 

energies (HOMO, LUMO, HD, SOF, EN, EPH) and charges (QCi, QOi). For each molecule, 24 electronic 

descriptors were calculated. Therefore, the data matrix contains 65 rows of molecules and 24 columns of electronic 

descriptors. 

2.3 Variable selection and model building 

The SPSS software, (SPSS Ver. 16, SPSS Inc.), performed MLR analysis and variable selection by using the 

stepwise method for the variable selection and modeling. This software was applied to the input set of 24 molecular 

descriptors for each chemical compound and the related response. Then, the best set of molecular descriptors, 

which are in combination with the most relevant variables in modeling the response of the training set chemicals 

was extracted using the SPSS software. The selected variables, their numerical value, are provided in Table S2, 

were used as input for the least square support vector regression ((LS-SVM). Notably, The LS-SVM optimization 

and model results were obtained using the LS-SVM lab toolbox version 1.5 (MATLAB toolbox for LS-SVM) and 

other calculations were performed in the MATLAB environment. 

2.4 Least square support vector regression 

The least square support vector regression (LS-SVM) [33] fits a linear relation (� = �� + �) between the 

regression (�) and the dependent variable (�). The best relation is the one that minimizes the cost function (�) 

containing a penalized regression (��) error term: 

� =
�

�
��� +

�

�
� ∑ ��

��
���                                                                                                                                            (1) 

Subject to: 

�� = ��∅�� + � + ��� = 1, … , �                                                                                                                             (2) 

where ∅ denotes the feature map. The first part of this cost function is a weight decay, which is used to regularize 

weight sizes and penalize large weights. Due to this regularization, the weights converge to similar value. The 

large weights deteriorate the generalization ability of the LS-SVM because they can cause excessive variation. 

The second part of the cost function is the regression error for all training data. The relative weight of this part in 

comparison to the first part was indicated by the parameter γ, which should be optimized by the user. Similar to 

other multivariate statistical models, the performance of LSSVMs for quantitative depends on the combination of 

several parameters. The attainment of the kernel function is cumbersome and it will depend on each case. However, 

the kernel function more used is the radial basis function (RBF), exp �−��� − ���
�

2��⁄ �, a simple Gaussian 

function, and polynomial functions (��, ��)�, where �� is the width of the Gaussian function and d is the 

polynomial degree, which should be optimized by the user, to obtain the support vector,  for σ of the RBF kernel 

and d of the polynomial kernel. To achieve a good generalized model, care should be done by user while making 

a model selection in combination with the regularization constant. 
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2.5 Model validation 

Cross-validation as an internal validation method was used to assess the predictive quality of the models. In a 

standard internal validation method, named LOOCV (leave one out cross-validation), one compound is omitted 

from the original training set, and a new model is constructed based on the new training set and this model is used 

to predict the activity of the omitted one. For each model, this process is repeated for whole compounds of the data 

set, and each compound has been excluded once, then cross-validated q2 which is considered as a criterion of 

robustness and predictive ability of the models, was calculated by Eq. (3) [42] as follow: 

�� = 1 −
∑(�����)�

∑(�����)�                                                                                                                                                     (3) 

Where  presents the average activity value of the entire data set and yi   and   are observed and predicted activity 

values, respectively. A high q2 value (q2 > 0.5) is used as an evidence of the high predictive ability of the model 

[43]. Golbarikh and Tropsha reported that the high value of q2 is essential and important, but not adequate for a 

predictive model and an external analysis of the test set of molecules should be employed to investigate the 

prediction of the model.   

On the other hand, for the evaluation of the predictive ability of a multivariate calibration model, we generally 

use the squared correlation coefficient of the experimental vs. predicted activities for test set (R2
pred), root mean 

square error of prediction set (RMSEP). They are calculated using the following equations. 

�����
� = 1 −

∑ (����������)�
���

∑ (����������)�
���

                                                                                                                                           (4) 

����� = �
∑ (����������)�

���

�
                                                                                                                                    (5) 

Golbarikh and Tropsha reported an external analysis of the test set of molecules should be employed to 

investigate the prediction of the model [44]. They have discussed a QSAR model is predictive if it fulfills the 

following conditions: 

�� ≥ 0.5                      (6)   

�� ≥ 0.6                 (7) 

(�����
�)

�� < 0.1  �� 
(�����

�′)

�� < 0.1                                  (8) 

0.85 ≤ � ≤ 1.15    �� 0.85 ≤ �′ ≤ 1.15                                                                         (9) 

In addition, Roy [45, 46] stated another validation statistical parameter, named modified R2 (��
� ) which 

assesses the predictive ability of a model and is determined as follows: 

��
� = ��(1 − �|�� − ��

�|   (10) 

The ��
�  value more than 0.5 (��

� > 0.5) confirms that the model possesses good external prediction ability. 

3. Results and Discussion 

The data set of 65 dependent variables of experimental logK values versus 24 calculated descriptors (provided in 

Supporting Information 2) has been split into 50 and 15 compounds for the training and the test set, respectively, 

by Kennard and Stone algorithm to maximize the diversity of the test set and examine the predictive accuracy of 

the model when extrapolating outside the training set [47]. The MLR technique was performed on the compounds 

of the training set. We applied the stepwise variable selection procedure to select only the best combinations of 
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those descriptors most relevant to obtain models with the highest predictive power for logK [48]. After regression 

analysis, a few suitable models were obtained among which the best model was selected and was employed for 

prediction. On the basis of the highest multiple correlation coefficients (R2) and simplicity of the model, the best 

equation is selected. This QSPR model for the logK of the compounds includes six molecular descriptors as 

presented in the following equation:  

logK = 8.28 + 11.16 LUMO - 2.34QO1 + 3.85QC15 - 4.64QC11 + 50.89QC9 + 29.68QC8, R2
train = 0.64, R2

test = 0.58(11) 

The statistical parameters R2 for the training set and R2
pred for test set is found to be 0.64 and 0.58 by MLR 

model analysis, respectively. The results are listed in Table 1 and graphically shown in Figure 2. 

Table 1. Experimental and predicted logK with residual values for the training and test set 

compounds by MLR and SVM models 

               MLR             SVM 
 Compound  Exp. Pred. Res. Pred. Res. 

Train 1 3.27 3.09 -0.18 3.25 0.02 
2 3.2 3.23 0.03 3.16 0.04 
3 3.1 2.88 -0.22 3.06 0.04 
4 3.03 3.07 0.04 3.05 -0.02 
5 3.12 3.29 0.17 3.15 -0.03 
6 2.95 3.31 0.36 2.99 -0.04 
7 3.3 3.23 -0.07 3.26 0.04 
8 3.25 3.15 -0.1 3.08 0.17 
9 2.89 3.16 0.27 3.09 -0.2 
10 3.04 3.07 0.03 3.06 -0.02 
11 2.83 2.81 -0.02 2.79 0.04 
12 2.72 2.79 0.07 2.78 -0.06 
13 3.07 2.82 -0.25 3.03 0.04 
14 3.04 3.13 0.09 3.08 -0.04 
15 3.03 2.85 -0.18 3.01 0.02 
16 3.02 3.03 0.01 2.98 0.04 
17 3 2.97 -0.03 3.04 -0.04 
18 2.97 3.17 0.2 3.01 -0.04 
19 3.05 3.1 0.05 3.09 -0.04 
20 3.13 3.43 0.3 3.17 -0.04 
21 3.04 3.08 0.04 3.08 -0.04 
22 3.09 3.04 -0.05 3.05 0.04 
23 2.79 3.23 0.44 3.03 -0.24 
24 2.91 3.07 0.16 2.95 -0.04 
25 2.92 3.08 0.16 2.96 -0.04 
26 3.88 3.79 -0.09 3.77 0.11 
27 3.88 3.77 -0.11 3.77 0.11 
28 3.73 3.79 0.06 3.77 -0.04 
29 3.87 3.61 -0.26 3.83 0.04 
30 3.89 3.6 -0.29 3.81 0.08 
31 3.87 3.6 -0.27 3.81 0.06 
32 3.48 3.61 0.13 3.83 -0.35 
33 3.54 3.85 0.31 3.79 -0.25 
34 3.75 3.77 0.02 3.77 -0.02 
35 3.89 3.66 -0.23 3.85 0.04 
36 3.58 3.03 -0.55 3.54 0.04 
37 3.79 3.5 -0.29 3.43 0.36 
38 2.74 3.41 0.67 2.78 -0.04 
39 3.9 3.82 -0.08 3.86 0.04 
40 3.91 3.81 -0.1 3.77 0.14 

 41 3.71 3.79 0.08 3.75 -0.04 
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 42 3.56 3.24 -0.32 3.6 -0.04 
 43 3.39 3.68 0.29 3.81 -0.42 
 44 3.75 3.59 -0.16 3.79 -0.04 
 45 2.79 3.32 0.53 2.83 -0.04 
 46 3.82 3.59 -0.23 3.79 0.03 
 47 3.86 3.59 -0.27 3.79 0.07 
 48 3.75 3.59 -0.16 3.79 -0.04 
 49 3.34 3.33 -0.01 3.35 -0.01 
Test 1 3.2 3.23 0.03 3.16 0.04 

2 3.18 3.23 0.05 3.16 0.02 
3 3.18 3.03 -0.15 3.05 0.13 
4 2.97 2.86 -0.11 2.8 0.17 
5 3 2.99 -0.01 3.08 -0.08 
6 3.14 3.03 -0.11 3.05 0.09 
7 3.22 3.05 -0.17 3.06 0.16 
8 3.23 3.23 0 2.99 0.24 
9 2.82 3.39 0.57 3.21 -0.39 
10 3.57 3.85 0.28 3.79 -0.22 
11 3.88 3.63 -0.25 3.72 0.16 
12 3.42 3.85 0.43 3.79 -0.37 
13 3.75 3.77 0.02 3.77 -0.02 
14 3.62 3.67 0.05 3.79 -0.17 
15 3.09 2.98 -0.11 3.05 0.04 

 

 
Figure 2. The MLR plot of the calculated versus experimental log K values for training and testing sets of the 65 

15C5 derivatives in complexes with Na+ ion 

Due to large residual compound 36 was the outlier and removed from the training set. To improve these 

statistical parameters, the same set of descriptors was also employed to develop the nonlinear correlation models 

based on SVM. The experimental versus SVMR-calculated logK values were shown graphically in Figure 3. As 

Table 2 concerns the relatively high cross-validation q2(=0.61) value, significantly greater than 0.5, confirms the 

robustness and predictive ability of the model. For the more verifications on the predictive ability of a multivariate 

calibration model, the squared correlation coefficient of the experimental vs. predicted properties of the test set 

(R2
pred=0.70), root means square error of prediction set (RMSEP=0.22) were also presented (see Table 2). In 

addition to, another validation statistical parameter, named modified R2 (��
� ) which assesses the predictive ability 

of a model, was determined. As shown in Table 2. 

��
� = 0.71, larger than the criteria R_m^2>0.5, confirms that the model possesses good external prediction 

ability. The other statistical results of SVM model are listed in Table 2. As can be seen from Table 1, the results 

of the nonlinear model (SVM) are better than those obtained by a linear method (MLR). 
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Table 2. Statistical parameters of the SVM-based methods 

Statistical parameters  

R2 0.91 
q2 0.61 
R2

pred 0.70 
RMSEC 0.14 
RMSECV 0.27 
RMSEP 0.22 
(R2 – R2

0)/R2 0.001 
(R2 – R'2

0)/R2 0.00 
k 0.992 
k' 0.998 
R2

m 0.71 

 RMSEC: root mean square error of calibration set 

 RMSECV: root mean square error of cross-validation  

 RMSEP: root mean square error of prediction set 

The equation (11) reveals that the stability constants of the 15C5 series directly depend on lowest unoccupied 

molecular orbital energies (LUMO) as well as charges located on the C8.  

 

Figure 3. The correlation between calculated and experimental logK values of the 65 15C5 derivatives using 
Support- vector machine method 

C9, C11, C15 and O1 atoms in the crown ring. It seems that a large LUMO energy value as well as the large 

positive charge on the C8, C9 and C15 atoms increases the stability of the complexes.  

Similarly, an increase in negative charge on O1 atom increases the stability of the complexes. However, the 

concentration of positive charge on C11 decreases the stability (see Figure 1). The contribution as well as the 

relative importance of any involved descriptors to the stability constants, based on the achieved model, was 

calculated using the following equation and presented in Figure 4. 

��� =
�� ∑ ���

���
���

∑ �� ∑ ���
�
�

�
�

                                           (12) 

where MFj represents the mean effect for the under consideration features j, βj is the coefficient of the descriptor 

j, dij stands for the value of the target descriptors for each complex and m is the descriptor number in the model. 

Based on the results shown in Figure 4, the charge located on the C8 and C9 considerably affects the stability 

constants of the complexes. Furthermore, the rest descriptors of LUMO, the charge on O1 as well as C11 and C15 

slightly contribute to stability constants of the 15C5 complexes with sodium ion. We optimized eleven complexes 
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of structures 6, 12, 18, 24, 30, 36, 42, 48, 54, 60 and 65 with sodium ion at the HF level of theory using 6-31G(d, 

p) basis function to provide more verification.  

 

Figure 4. The mean effect percent of any descriptors on calculated log K, based on the model in this work. (QO1: 
charge on oxygen 1 in the ring, QC15: charge on carbon 15, and so forth 

The wave functions of the optimized complexes were extracted using Gaussian 09. The atoms in molecules 

(AIM) method using AIM2000 software was used to analyze and visualize the interaction of the sodium ion with 

oxygen, carbon and hydrogen atoms in the rings of the 15C5. Molecular graph of compound 6 with sodium ion is 

presented in Figure 5 as a typical complex. There are concentrated charge densities between sodium ions and the 

hydrogen atoms of the ring. The AIM results for the ten rest complexes are the same as complex 6. As Figure 5 

shows, there exist no critical points between the sodium ion and the oxygen atoms in the ring. Moreover, the charge 

concentration is rarely found between the cation and the carbon atoms located in the ring. In Table 3, charge 

densities concentrated between the sodium ion and the hydrogen bearing the carbon atoms in the ring, for all eleven 

complexes, were listed. Then, efforts were made to construct a correlation between the stability constants logK 

and the charge densities. As can be seen in Figures 6-8, there are direct correlations between experimental logK 

values and consecutive carbon atoms. 

 

Figure 5. The molecular graph of a usual 15C5 ether-Na+ complex including bond critical points (red), ring 
critical points (yellow), and cage critical points (green) 
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 Table 3. Numerical values of charge density of H…Na+ bond, bearing the carbon atom in the ring of 15C5, 
for the eleven selected complexes 

       a Data found as outlaier in the correlation of logKexp with the charge densities  

The aim is to explore the charge density, which more benefits the stability constant. The results are graphically 

shown in Figure 8. The reasonable correlations were found in the charge density difference between sodium ion 

and hydrogen bearing two neighboring C15-C14, C3-C2 and C9-C8 as presented in Figure 8-a, b and c, respectively. 

 

Figure 6. The correlation between log Kexp and the charge density of HNa, bearing C8  (a) as well as C11 (b) 
and C14 (c) atoms in the 15C5 for the 6, 18, 24, 30, 42, 48, 54, 60 and 65 complexes 

 
Entry 

     ( Na+)      

C2H C3H C5H C6H C8H C9H C11H C12H C14H C15H 

6 0.01265 0.01104 0.00905 0.01108 0.01042 0.01080 0.00937 0.01063 0.00807 0.00970 

12 0.01071 0.00955 0.01064 0.01005 0.00981 0.00972 0.00998 0.00948 0.01039 0.01056 

18 0.00958 0.01083 0.01052 0.01016 0.00978 0.00962 0.00971 0.00956 0.01043 0.01100 

24 0.01244 0.01100 0.01003 0.01105 0.01030a 0.01080 0.00964 0.01076 0.00764 0.00907a 

30 0.00979 0.01052 0.01050 0.01006 0.00988 0.00969 0.01004 0.00953 0.01041a 0.01057 

36 0.00000a 0.01062a 0.01159a 0.00862a 0.01085a 0.00833a 0.01098a 0.00000a 0.01151a 0.01056a 

42 0.00000 0.01292 0.01007 0.00817 0.01176 0.00000 0.01119 0.00870 0.01110 0.00901 

48 0.00000a 0.01191 0.00998 0.00791 0.01076 0.00806 0.01087 0.00795 0.01116 0.01107 

54 0.00000 0.01073 0.00945 0.00820 0.01127 0.00927a 0.01195 0.00896 0.01144 0.01050 

60 0.00000 0.01224 0.01080 0.00000a 0.01104 0.00000 0.01108 0.00000a 0.01248 0.00974 

65 0.00958 0.01066 0.00951 0.01071 0.00962 0.01110 0.00993 0.01113 0.00985 0.01125 
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Figure 7. The correlation between log Kexp and the charge density of HNa bond, bearing C2 (a) as well as C6 

(b) and C9 (c) atoms in the 15C5 for the 6, 18, 24, 30, 42, 48, 54, 60 and 65 complexes  

 
Figure 8. The correlation of log Kexp with the charge density difference of HNa bonds, bearing the two 

consecutive  C15, C14 (a) as well as C3,C2 (b) and C9, C8 (c) atoms in the 15C5 for the 6, 18, 24, 30, 42, 48, 54, 60 
and 65 complexes 



62                                                                                                          Current Applied Sciences (2026) 4(1):51-65 

 

As can be seen in Figure 8, logK more benefits from the charge density between sodium ion and hydrogen 

bearing C14, C3 and C8, than their neighbor C15, C2 and C9, respectively. These might be along with the results 

proposed by the model indicating that the carbon atoms of C2, C15, C8, and C9 in the ring are involved in the 

stability constants of the 15C5 series. 

4. Conclusion 

Three different descriptors explicitly dipole moments, charges, and orbital energies were extracted for any 

individual 15C5 derivatives. A reliable QSPR model was constructed between stability constants and the electronic 

classes of descriptors which revealed that the local charge on the carbon atoms, particularly positive charges on 

the C8 and C9 atoms have prevailing contributions on the stability constants. Furthermore, the model proposes a 

slight contribution of the LUMO in stability constants. In addition, the further calculations disclosed the presence 

of the charge densities between hydrogen of the ring and the sodium ion and revealed the lack of chemical bonds 

between the Na+ ion and the carbon as well as oxygen atoms of the ring. This may infer the ionic character of 

interaction between the metal ion and the oxygen as well as carbon atoms of the ring. The fact that the Na+ ion is 

fortified at the center of the rings by the hydrogen atoms is also deduced.  

Supporting Information Summary 

Supplementary data associated with this article (SI1 and SI2) include stability constants of 15-crown-5 ether 

complexes with sodium cation using ab initio calculation in conjunction with a proper QSPR model. 
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