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ABSTRACT A quantitative structure property relationship (QSPR) study was 

performed for predicting the hydrophobicity of Pt(IV) complexes. Two four-parameter 

equations, one based solely on structural descriptors derived from electrostatic 

potentials (ESPs) on molecular surface, and the other integrated ESP descriptors with 

molecular surface area (AS), were firstly constructed. Mechanistic interpretations of 

the structural descriptors introduced were elucidated in terms of solute-solvent 

intermolecular interactions. Subsequently, several up-to-date modeling techniques, 

including support vector machine (SVM), least-squares support vector machine 

(LSSVM), random forest (RF) and Gaussian process (GP), were utilized to build the 

nonlinear models. Systematical validations including leave-one-out cross-validation, 

the validation for test set, as well as a more rigorous Monte Carlo cross-validation 

were performed to verify the reliability of the constructed models. The predictive 

performances of the four different nonlinear modeling methods follow the order of 

LSSVM GP > RF > SVM. The pure-ESP-based models are generally inferior to the 

AS-integrated ones. Comparisons with previous results were made. 

 

Keywords: hydrophobic index, electrostatic potential, structural descriptor, QSPR, 

platinum complex, nonlinear modeling 

 

Abbreviations: ESP, electrostatic potential; GP, Gaussian process; LOO, 

leave-one-out; LSER, linear solvation energy relationship; LSSVM, least-squares 

support vector machine; MCCV, Monte Carlo cross-validation; MLR, multiple linear 

regression; QSPR/QSAR, quantitative structure-property/activity relationship; R2, 

coefficient of determination; RF, random forest; RMSEE, root mean square error of 

estimation; RMSCV, root mean square error of cross-validation; RMSEP, root mean 

square error of prediction; SVM, support vector machine. 
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1. Introduction 

Hydrophobicity, often expressed as the logarithm of the partition coefficient of a 

compound distributed between immiscible phases of n-octanol and water (logP), is 

undoubtedly of outstanding importance in the research fields of pharmacological and 

environmental sciences [1,2]. Experimental determination of logP is an expensive and 

labor-intensive task, and sometimes, restricted by lack of solutes with high purity. It is 

therefore of great significance to seek alternative approaches to estimate accurately 

the logP values. So far, a host of approaches and related software tools for this 

purpose have been developed and summarized in several review papers [3-6]. These 

approaches can be roughly divided into two categories, substructure and 

whole-molecule approaches. In the whole-molecule approach, the molecule is treated 

as an entirety. Structural descriptors are calculated firstly, and then, the quantitative 

relationship between these structural descriptors and logP is established with different 

statistical methods. 

Physicochemical properties of chemical substances are usually associated with 

intermolecular non-covalent interactions. It has been proven to be feasible to predict 

the physicochemical properties with quantitative structure-property relationship 

(QSPR) models constructed from characteristics of molecular surface, or more exactly, 

from structural descriptors based on molecular surface [7-10]. Molecular electrostatic 

potential (ESP) is a quantum-mechanical quantity with rigorous definition [11]. It has 

received extensive applications due to the capability of characterizing local or 

site-specific properties of a molecule [12,13]. Moreover, a group of descriptors based 

on ESPs (mostly on molecular surface) put forward by Politzer and Murray, have been 

successfully applied in various QSPR studies [14-20]. 

Following up these previous advances, we introduced the concept of independent 

surface ESP and developed a series of new statistically-based descriptors [21-26]. It 

was indicated that these descriptors are fairly effective for correlating and predicting a 

variety of solution, liquid phase and binding physicochemical properties that depend 

upon non-covalent interactions [20]. Especially, this set of descriptors can be well 

used to describe the quantitative structure-hydrophobicity relationship not only for 

organic compounds with subtle structural difference [21,22], but also for substituent 

groups ( X) and even molecular fragments (foct) [26].  

As compared to common organic compounds, metal complexes have quite 
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different bonding mode and electronic structures. Obviously, it is usually difficult to 

predict the physicochemical properties of metal complexes from molecular structures 

due to computational complexity or sometimes lack of relevant parameters. Thus, it 

would be beneficial to know whether the structure descriptors derived from ESPs on 

molecular surface, that are often used for common organic compounds, can also be 

applied to estimate the physicochemical properties of the metal complexes. 

Among metal complexes, Pt(II) complexes are of great importance and 

continuing interest in chemistry and pharmaceutical fields [27-29]. The discovery of 

cisplatin, cis-[PtCl2(NH3)2], represents a milestone in the history of antitumor agents 

[27]. Pt(IV) complexes, serving as prodrugs, can be reduced to the corresponding 

Pt(II) counterparts upon losing the axial ligands in the hypoxic tumor milieu, and as 

compared to the latter, they show relative inertness and consequent low systemic 

toxicity outside the cell [30]. Accordingly, their synthesis, physicochemical properties 

as well as biological behaviors have also aroused wide attention in recent years 

[31-33].  

Platts and coworkers [34] reported the QSPR models based on exposed surface 

areas of polar and nonpolar atoms to predict the hydrophobicity of platinum 

complexes. Similar works have since been published in the literature [35-40]. The 

quality and reliability of early models are generally low since available experimental 

data is really limited and the sample size used for modeling is too small. Recently, 

with the accumulation of experimental data, structural diversity of the complexes has 

increased, and the reliability of the model has been significantly improved. Some 

statistical models based on atomic additivity (substructure method) have also been 

developed to directly calculate the logP of platinum complexes [38]. 

In this paper, we report new descriptors derived from ESPs on molecular surface, 

focusing on the quantitative structure-hydrophobicity relationship of Pt(IV) 

complexes. It would provide a new approach for predicting the physicochemical 

properties of metal complexes. 

 

2. Computational details 

All quantum chemical calculations were performed with the Gaussian 09 software 

package [41]. Firstly, the initial geometry of each Pt(IV) complex was optimized with 

the hybrid functional B3LYP method using mixed basis set (SDD effective core 

potential for Pt and 6-31+G(d,p) for other atoms). In previous comparative tests for Pt 
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complexes, this level of theory was proven to reproduce well the molecular structures 

and NMR spectra [42]. Based on the optimized geometries, electronic densities and 

ESPs were calculated with grid method. The grid control option was set to cube = 

100 , and therefore, about 1003 values of electronic density and ESP were computed 

for each molecule. Subsequently, the points on molecular surface (the outer isodensity 

envelope of (r)=0.001 a.u.) as well as their ESP values were extracted. Then, a total 

of 33 descriptors derived from these ESPs, were calculated by using an in-house 

program. Some of these structural descriptors, e.g. spatial and surface extrema of the 

ESPs, average positive or negative ESPs,  and  (vide infra), were suggested by 

Politzer et al. [19,20], and most were developed or modified in our group [21-26].  

Correlations of the descriptors with the hydrophobicity index were established with 

multiple linear regression (MLR) analysis. Several up-to-date modeling techniques 

including support vector machine (SVM) [43], least-squares support vector machine 

(LSSVM) [44], random forest (RF) [45] and Gaussian process (GP) [46] were also 

adopted with expect to yield better predictive models. 

The stability and predictive power of these models were verified by leave-one-out 

(LOO) and rigorous Monte Carlo cross-validation (MCCV) [47]. In MCCV, the 

whole data set was split randomly into a training set and a test set in 3:1 ratio and an 

external R2 ( ) was used as the evaluation criterion. It was calculated from the 

following formula [48].  

             (1)   

where  is the averaged value of the response variables for the training set, 

and are experimental and predicted values of the test set, respectively. 

Each cross-validation calculation yielded a value, and the process was repeated 

216=65536 times. From these results the cumulative distribution function of is 

estimated by: 

       (2)   

where  is the probability density of . The median  corresponds 

to an x value of Pcum=0.5, which represents the demarcation dividing the whole 

sampled  equally. The integral  is defined by the following formula. 

      (3)   
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It describes the distribution of the entire  probability density, and its value lies 

between 0 and 1. The peak  is the peak position of  probability density and 

indicates the most probable location of sampled . The peak, median and integral 

 values were served as the measures of model quality. 

 

3. Results and Discussion 

3.1. The QSPR models for  

The data set was taken from previous publication [36]. The hydrophobic indexes 

expressed as  (  is the HPLC capacity factor extrapolated to 100% water) for 

53 Pt(IV) complexes are collected in Table 1. The original data set was first split into 

a training set and test set in the ratio of 3:1. The 13 complexes in the test set were 

randomly selected as those numbered as 4n and marked with asterisks in Table 1.  

By using stepwise linear regression and selecting pure ESP-based structural 

descriptors as independent variables, a four-parameter QSPR model (Eq. (4)) was 

firstly established for the training set as follow:  

 

 

N=40, =0.87, RMSEE=0.69, =0.81, RMSCV=0.82, =0.77, RMSEP=0.83     (4) 

 

where and throughout this paper, N is the number of data points submitted for 

regression;  and RMSEE are fitting coefficient of determination and root mean 

square error of estimation;  and RMSCV are LOO cross-validation coefficient 

and root mean square error of LOO cross-validation;  and RMSEP are 

predictive coefficient of determination and root mean square error of prediction.  

Considering the fact that the hydrophobicity of a compound is generally associated 

with molecular size, we also incorporated molecular volume and molecular surface 

area (AS) in the MLR analysis and obtained a similar four-parameter model (Eq. (5)).  

 

 

N=40, =0.89, RMSEE=0.64, =0.85, RMSCV=0.73, =0.87, RMSEP=0.63      (5) 

 

It can be seen that, as compared to Eq. 4, Eq. 5 shows larger ,  and  

values, and smaller RMSEE, RMSCV and RMSEP values, which means that the 
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As-integrated QSPR model has better fitting and predictive power. Nevertheless, the 

difference in statistical quality between the two models is not quite large, and both 

would be taken into account in subsequent discussion. Using Eqs. 4 and 5, we 

predicted the hydrophobicity for all complexes. The results are tabulated in Table S1 

as supporting information. The plots of predicted versus experimental  values 

for both the training set and the test set shows good fitting (Fig. 1). 

As more than one variable are introduced in the models, it is necessary to examine 

the stability of the regression equations. Upon investigating the collinearity of 

variables in Eqs. 4 and 5, we obtained the variance inflation factor (VIF) for each 

descriptor (Table S2). According to statistics principle [49], a value of 1.0 is 

indicative of no correlation, while a value less than 10.0 is statistically acceptable. It 

is shown that all of the VIF values are less than 2.0, indicating that the stability of the 

QSPR models constructed are highly satisfactory.  

 

3.2. Mechanistic interpretation of the descriptors involved 

AS reflects the size of a molecule and has been demonstrated to be an important 

descriptor in determining partition coefficients of organic compounds. It is presented 

in Eq. 5 and positively correlated with , which indicates that the Pt(IV) 

complex with larger size is more liable to distribute into nonpolar phase. According to 

the concept of linear solvation energy relationship (LSER) [50], AS (or molecular 

volume) can be viewed as a cavity term, which is a measure of the energy needed to 

overcome the cohesive forces in order to form a cavity for the solute, and the larger 

molecules would tend to be excluded from the more polar solvent water. 

All other structural descriptors included in Eqs. 4 and 5 are derived statistically 

from the ESPs on molecular surface. Five of them are associated with the independent 

ESPs, and among which  appeared for the first time in our QSPR/QSAR studies. 

The so-called independent ESPs refer to the statistically calculated ESPs of those 

points on molecular surface with pairwise distance of above 0.21 nm. The cutoff 

value 0.21 nm is the arithmetic mean value between the van der Waals radius of a 

water molecule (0.14 nm) and the diameter of the water molecule (0.28 nm) [21].  

 is the sum of the independent positive ESPs. The summation starts from 

the most positive ESP on molecular surface (Vs,max), and the corresponding position of 

Vs,max is viewed as the first independent point. Then the next Vs,max is considered, and 
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it is added in the summation only if its distance from the former independent point is 

larger than 0.21 nm. This operation is repeated until all of the independent points with 

positive ESPs are included. This descriptor also appeared in previous QSPR modeling 

for logP of halogenated methylphenyl ethers [51]. As  reflects nonspecific 

intermolecular interactions, it is presented in Eq. 4 and negatively correlated with 

, indicating that the Pt(IV) complexes with larger positive ESPs tend to interact 

with water and show lower lipophilicity. 

 is the number of independent points of positive ESPs on molecular surface. 

It is the first variable introduced in the model (Eq. 4) upon stepwise regression 

analysis and can explain about 75% of the variance of experimental  value. As 

compared to ,  represents opposite contribution to the lipophilicity, 

implying that the complexes distributing with more small positive surface ESPs 

would be favorable for partition into organic phase (vide infra).  

 is the number of independent negative ESPs on molecular surface counting 

from the most negative ESPs. This term contributes negatively to the lipophilicity, 

which means that the Pt(IV) complex with more negative ESP region also tends to 

partition into water phase. This makes sense since water is a typical amphiphilic polar 

molecule (both a good electron donor and a good electron acceptor), and the existence 

of a large ESP region in the compound, whether positive or negative, is in favor of its 

interacting with water molecule.  

The hydrophobicity and hydrophilicity of a molecule is closely related to the 

uniformity of ESP distribution on molecular surface [16,18,52]. , defined as Eq. 6, is 

a descriptors reflecting uniformity of distribution of ESPs ( , and are the 

average values of surface ESPs, positive and negative surface ESPs, respectively).  is 

an indicator of the degree of balance between the positive and negative surface 

potentials, and it reaches a maximum of 0.25 when .  is generally 

viewed as a measure of electrostatic interaction tendency. Compared to , another 

similar descriptor, it emphasizes the contribution of the extremum and is more 

sensitive to the variation of the surface ESPs [19,20]. In fact, and  have been 

frequently introduced in previous QSPR models [16,26]. In this work,  and  

(balance parameter for the independent ESPs) are found to be statistically significant 

and give negative contribution to , manifesting that the distribution uniformity 

of ESPs play important role in the hydrophobicity of Pt(IV) complex. The Pt(IV) 
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complex with more balanced positive and negative surface ESPs distribution are 

favorable to enhance the lipophilicity. 

 

                                               

     (6) 

 

As mentioned above, the presence of large positive or negative ESPs on the 

molecular surface is in favor of interacting with water molecule, and therefore 

detrimental for the lipophilicity. On the contrary, the contour surface of a typical 

hydrophobic molecule or fragment (e.g. alkyl group) is usually distributed with small 

and uniform positive ESPs [16,18,52]. With this in mind, we constructed a group of 

new descriptors based on statistical calculations starting from the surface ESPs closest 

to zero, and one of them, , has been utilized to predict the complexation of 

structurally diverse compounds with -cyclodextrin [23]. In the present work, another 

descriptor of this type, , has been found to be statistically significant and was 

introduced in both models.  is the average of independent positive ESPs on 

molecular surface ranging from 0 to 0.01 a.u.. It makes a negative contribution to 

, meaning that the smaller the absolute value of these tiny positive ESPs, the 

more favorable it is for lipophilicity. This is consistent with aforementioned analysis. 

 

3.3. Nonlinear models 

As shown above, the linear models provide satisfactory predictive power and good 

interpretability. Nevertheless, non-linear models usually give better results. 

Accordingly, we use several up-to-date non-linear statistical methods, including SVM, 

LSSVM, RF and GP to deal with the present data set. The input parameters are the 

structure descriptors introduced in Eqs. 4 and 5. The statistic results of the nonlinear 

models for both the training set and the test set are displayed in Table 2. For the 

purpose of comparison, the corresponding values of linear models are also listed. The 

parameters optimized during the course of nonlinear modeling are summarized in 

Table S3. 

SVM is a machine learning algorithm developed by Vapnik et al. in the framework 

of the statistical learning theory [43]. It is especially suitable for dealing with 



 

10 
 

small-sample, high-dimensional and strong collinear problems due to adopting 

structural risk minimization (SRM) instead of empirical risk minimization (ERM). 

LSSVM is developed on the basis of traditional SVM. It introduces a least squares 

linear system into support vectors, transforms inequality constraints into equality 

constraints, and converts solving quadratic programming problems into solving linear 

equations. As a result, the insensitive loss function is avoided, and the computational 

efficiency is greatly improved [44]. 

It can be seen from the statistical results given in Table 2, for the training set, the 

fitting ability and predictive power of SVM and LSSVM have been improved as 

compared with the linear MLR models (larger  and , and smaller RMSEE and 

RMSCV values), whether the pure ESP descriptor set or the AS-integrated one was 

adopted. For the test set, however, the performances of SVM are unusually poor, the 

 values are not larger than 0.70, and the RMSEP values exceed 0.90. Relatively, 

LSSVM yields significantly better predictive performance than the traditional SVM as 

well as MLR, as reflected by the statistical results in Table 2 (all of the coefficients of 

determination, ,  and , are larger than 0.85, and the RMSEP values drop 

to ca. 0.6, regardless of the descriptor set used).  

Random forest is a flexible, easy to use machine learning algorithm [45]. This type 

of algorithm helps to enhance the ways that technologies analyze complex data. It is 

capable of performing both regression and classification tasks with the use of multiple 

decision trees and a bagging technique. It is necessary to adjust the parameters in the 

construction of the decision tree to get the final model with the best parameters. In the 

present work, two adjustable parameters, number of trees (ntree) and size of descriptor 

subset (mtree), were optimized using grid-searching method. The optimum ntree and 

mtree (see Table S3) were used to construct the final RF model.  

As can be seen from the data in Table 2, the  values of RF models based on the 

two different descriptor sets are 0.91 and 0.89, respectively, and the RMSEE values 

are 0.58 and 0.64, respectively, which means that the RF models have relatively good 

fitting ability. However, from the information reflected by other four statistical 

quantities, , RMSCV, , and RMSEP, the predictive performance of the RF 

models are relatively poor.  
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Gaussian process (GP) is a new type of machine learning algorithm developed on 

the basis of Bayesian framework and has attracted wide interest of researchers in 

related fields in recent years [53,54]. It has several advantages over the other 

nonlinear modeling methods, such as no function constraints, being capable of dealing 

with linear/nonlinear hybrid problems, automatic determination of the model 

parameters, and probabilistic significance of the output results. Moreover, the GP 

method can evaluate the validity and confidence of the prediction results [46].  

Recently, we applied this method to construct successfully predictive models of the 

complexation of structur -cyclodextrin [23], the 

bioconcentration factor of nonionic compounds [24], and the minimum alveolar 

concentration of anesthetic agents [25]. In the current study, we use the general 

covariance function as the kernel function, which consists of a constant term, a linear 

term, a square exponential term, and a noise term. The corresponding 

hyperparameters 0 (constant term), 1 (linear term), 2 (square exponential term), and  

 (noise term) are optimized by conjugate gradient method and displayed in Table 

S3.  

For the training set, the  values given by GP modeling are 0.94 (Pure 

ESP-based) and 0.92 (AS-integrated), and the RMSEE values are 0.46 and 0.53, 

respectively. The former yields the best fitting ability among all of the models. The 

performances of GP models, however, are not as excellent as one might expected, 

from the statistical results of LOO-CV as well as those for the test set. The , 

RMSCV,  and RMSEP values of the As-integrated GP models are almost the 

same as those of the linear model. This means that the linear components are 

predominant in the GP modeling, which is supported by the optimized 

hyperparameters 0, 1 and 2 ( 0, 1 2).  

Additionally, one of the advantages of the GP method over the other nonlinear 

modeling techniques lies in that the importance of different descriptors can be 

measured by the length scales ri. Each ri is associated with an input and characterizes 

the distance in the i

small ri value corresponds to a relatively important descriptor, whereas a large ri value 

means that the variation of the 
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property very much. It has been shown that all of the ri values (see Table S4) are less 

than 3, which means that all the descriptors in Eqs. 4 and 5 

hydrophobicity of Pt(IV) complexes. Relatively,  and the balance parameter  

give more important contributions. 

Comparing the data listed in Table 2, it is not difficult to infer that the predictive 

performances of the four different nonlinear modeling methods follow the order of 

LSSVM GP > RF > SVM. As for comparison between the pure-ESP-based models 

and the AS-integrated ones, the former is in general inferior to the latter. The predicted 

 values by the LSSVM and GP models are displayed in Table S2. The plots of 

predicted versus experimental results are illustrated in Fig. 1, from which the fitting 

and predictive power of these models can be visually compared.  

 

3.4. Monte Carlo cross-validation tests 

As stated above, the samples in the test set (13 complexes) are randomly selected. 

Nevertheless, such selection is featured of inherent arbitrariness, and the validation 

using one single test set is undoubtedly deficient from the point of statistics. In order 

to systemically test the predictive power of the QSPR models, we used MCCV 

method with up to 216=65536 samplings to perform rigorous validations. Table 2 lists 

the peak, median and integral  values. For the pure-ESP-based linear model, 

they are 0.88, 0.82 and 0.79, respectively, while for the As-integrated linear model, 

these three values are 0.90, 0.86 and 0.83, respectively. Except the integral  

values of the former, they are all larger than 0.80, demonstrating that both linear 

models have considerably good stability and predictive power. As for the four 

nonlinear modeling methods, the MCCV results reveal that their predictive 

performances follow the same order as the results of the single test set. The LSSVM 

and GP models are slightly better than the corresponding linear model, and the SVM 

and RF models are significantly worse. 

 

3.5. Comparison with previous results 

There have been several reports in the literature about the prediction of the 

lipophilicity of platinum complexes. However, due to the difference in complex sets 

adopted, and in some cases, Pt(IV) complexes have been mixed with Pt(II) complexes 
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together for modeling, direct comparison is often difficult. 

Ermondi et al. [36] performed a modeling study with the molecular-interaction- 

fields (MIF) based method for the same data set. They used four types of probes and a 

total of 92 Volsurf descriptors, and obtained the statistical results as follows: 

R2(LOO)=0.87, R2(3- and 4-fold)=0.85. For comparison, we have done a similar 

calculation with partial least squares (PLS) method using all 33 ESP-based descriptors 

plus As, resulting in R2(LOO)=0.85, R2(3-fold)=0.83 and R2(4-fold)=0.82. The 

statistical quality of our model is roughly equivalent to that of MIF-based one.  

Tetko et al. [38] used fragment-based and whole-molecule methods to develop 

several models for predicting the lipophilicity of platinum complexes. Particularly, 

they provided a website for the public to predict the logP of new Pt complexes. In that 

work, some models only for the Pt(IV) complexes were reported. In order to make a 

proper comparison, and meanwhile, to test further the applicability of the ESP-derived 

descriptors, we performed a QSPR treatment, following the same workflow, for all 

122 Pt(IV) complexes reported by Tetko et al. (51 of them are duplicates of the 

complexes considered in this work, see supporting information). Using the same 

training set of 87 complexes as Tetko et al. adopted, we obtained a four-parameter 

model similar to Eq. 5 as follows:  

 

 

N=87, =0.74, RMSEE=0.73, (5-fold)=0.71, RMSCV(5-fold)=0.75             (7) 

 

Eq. 7 is evidently inferior to Eq. 5, and there is a certain gap between the results 

and what we expected. Furthermore, two nonlinear modeling methods that performed 

well in prior work, LSSVM and GP, were used to deal with the data set, but no 

significantly improvement was found. For the test set consisting of the remaining 35 

complexes, this linear model gives =0.59 and RMSEP=0.84.  

This result certainly cannot be compared with the best result of Tetko et al. (the 

cross-validated RMSE values of the associative neural network modeling were 0.36 

and 0.66 respectively for the training set and the test set). Nevertheless, it is still 

acceptable when compared with their MLR results ( (5-fold)=0.3-0.78 and 

RMSCV(5-fold)=0.72-1.28 for the combined set Pt(II) and Pt(IV), no results found for 
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Pt(IV) alone), especially considering the good interpretability of the descriptors. 

One of main reasons for the unsuccess of the models established for the 53 Pt(IV) 

complexes to extend to a larger data set is that the 33 descriptors derived from ESPs 

on molecular surface provide relatively limited information. At present, there are still 

some deficiencies in QSPR modeling of complex compounds and in QSAR modeling. 

New descriptors of this type have been developing in our laboratory to extend their 

applicability. 

 

4. Summary and Conclusions 

Metal complexes exhibit quite different bonding mode and electronic structure 

from common organic compounds. It is usually difficult to predict the 

physicochemical properties of metal complexes from molecular structures due to 

computational complexity or the lack of relevant parameters. The present paper was 

aimed at answering the question whether the physicochemical properties of the metal 

complexes can be predicted regardless of their internal bonding mode and base on 

molecular surface properties that are often used for common organic compounds. For 

this purpose, quantitative structure-hydrophobicity relationship for a group of Pt(IV) 

complexes was investigated by using the structure descriptors derived from 

electrostatic potentials (ESPs) on molecular surface.  

A four-parameter equation with pure-ESP based descriptors was firstly constructed 

for the training set consists of 40 Pt(IV) complexes. Incorporation of an additional 

descriptor reflecting molecular size (AS) in the modeling resulted in a similar 

four-parameter equation. A collinearity diagnosis of variables revealed that the VIF 

values of all descriptors are less than 2.0, demonstrating the robustness of the models. 

Both models were further validated by rigorous MCCV calculations and showed good 

stability and predictive power. 

Mechanistic interpretations of the structural descriptors introduced were elucidated 

from the point of view of solute-solvent intermolecular interactions. Especially,  

derived from statistical calculations of the independent surface ESPs ranging from 0 

to 0.01 a.u., appeared for the first time in our QSPR/QSAR studies. 

Four up-to-date modeling techniques, including SVM, LSSVM, RF and GP, were 

utilized to build the nonlinear models. The predictive performances of GP and 
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LSSVM modeling are satisfactory, as reflected by the statistical results in Table 2. 

The SVM and RF methods represent poor performance, even worse than the MLR 

method.   

Finally, comparisons with previous predictive models in the literature were made. 

The results show that the statistical quality of our model constructed with only a few 

structural descriptors in relation to molecular surface properties is roughly comparable 

to that of the MIF-based model for the same data set.   
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ABSTRACT A quantitative structure property relationship (QSPR) study was 

performed for predicting the hydrophobicity of Pt(IV) complexes. Two four-parameter 

equations, one based solely on structural descriptors derived from electrostatic 

potentials (ESPs) on molecular surface, and the other integrated ESP descriptors with 

molecular surface area (AS), were firstly constructed. Mechanistic interpretations of 

the structural descriptors introduced were elucidated in terms of solute-solvent 

intermolecular interactions. Subsequently, several up-to-date modeling techniques, 

including support vector machine (SVM), least-squares support vector machine 

(LSSVM), random forest (RF) and Gaussian process (GP), were utilized to build the 

nonlinear models. Systematical validations including leave-one-out cross-validation, 

the validation for test set, as well as a more rigorous Monte Carlo cross-validation 

were performed to verify the reliability of the constructed models. The predictive 

performances of the four different nonlinear modeling methods follow the order of 

LSSVM GP > RF > SVM. The pure-ESP-based models are generally inferior to the 

AS-integrated ones. Comparisons with previous results were made. 

 

Keywords: hydrophobic index, electrostatic potential, structural descriptor, QSPR, 

platinum complex, nonlinear modeling 

 

Abbreviations: ESP, electrostatic potential; GP, Gaussian process; LOO, 

leave-one-out; LSER, linear solvation energy relationship; LSSVM, least-squares 

support vector machine; MCCV, Monte Carlo cross-validation; MLR, multiple linear 

regression; QSPR/QSAR, quantitative structure-property/activity relationship; R2, 

coefficient of determination; RF, random forest; RMSEE, root mean square error of 

estimation; RMSCV, root mean square error of cross-validation; RMSEP, root mean 

square error of prediction; SVM, support vector machine. 
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1. Introduction 

Hydrophobicity, often expressed as the logarithm of the partition coefficient of a 

compound distributed between immiscible phases of n-octanol and water (logP), is 

undoubtedly of outstanding importance in the research fields of pharmacological and 

environmental sciences [1,2]. Experimental determination of logP is an expensive and 

labor-intensive task, and sometimes, restricted by lack of solutes with high purity. It is 

therefore of great significance to seek alternative approaches to estimate accurately 

the logP values. So far, a host of approaches and related software tools for this 

purpose have been developed and summarized in several review papers [3-6]. These 

approaches can be roughly divided into two categories, substructure and 

whole-molecule approaches. In the whole-molecule approach, the molecule is treated 

as an entirety. Structural descriptors are calculated firstly, and then, the quantitative 

relationship between these structural descriptors and logP is established with different 

statistical methods. 

Physicochemical properties of chemical substances are usually associated with 

intermolecular non-covalent interactions. It has been proven to be feasible to predict 

the physicochemical properties with quantitative structure-property relationship 

(QSPR) models constructed from characteristics of molecular surface, or more exactly, 

from structural descriptors based on molecular surface [7-10]. Molecular electrostatic 

potential (ESP) is a quantum-mechanical quantity with rigorous definition [11]. It has 

received extensive applications due to the capability of characterizing local or 

site-specific properties of a molecule [12,13]. Moreover, a group of descriptors based 

on ESPs (mostly on molecular surface) put forward by Politzer and Murray, have been 

successfully applied in various QSPR studies [14-20]. 

Following up these previous advances, we introduced the concept of independent 

surface ESP and developed a series of new statistically-based descriptors [21-26]. It 

was indicated that these descriptors are fairly effective for correlating and predicting a 

variety of solution, liquid phase and binding physicochemical properties that depend 

upon non-covalent interactions [20]. Especially, this set of descriptors can be well 

used to describe the quantitative structure-hydrophobicity relationship not only for 

organic compounds with subtle structural difference [21,22], but also for substituent 

groups ( X) and even molecular fragments (foct) [26].  

As compared to common organic compounds, metal complexes have quite 
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different bonding mode and electronic structures. Obviously, it is usually difficult to 

predict the physicochemical properties of metal complexes from molecular structures 

due to computational complexity or sometimes lack of relevant parameters. Thus, it 

would be beneficial to know whether the structure descriptors derived from ESPs on 

molecular surface, that are often used for common organic compounds, can also be 

applied to estimate the physicochemical properties of the metal complexes. 

Among metal complexes, Pt(II) complexes are of great importance and 

continuing interest in chemistry and pharmaceutical fields [27-29]. The discovery of 

cisplatin, cis-[PtCl2(NH3)2], represents a milestone in the history of antitumor agents 

[27]. Pt(IV) complexes, serving as prodrugs, can be reduced to the corresponding 

Pt(II) counterparts upon losing the axial ligands in the hypoxic tumor milieu, and as 

compared to the latter, they show relative inertness and consequent low systemic 

toxicity outside the cell [30]. Accordingly, their synthesis, physicochemical properties 

as well as biological behaviors have also aroused wide attention in recent years 

[31-33].  

Platts and coworkers [34] reported the QSPR models based on exposed surface 

areas of polar and nonpolar atoms to predict the hydrophobicity of platinum 

complexes. Similar works have since been published in the literature [35-40]. The 

quality and reliability of early models are generally low since available experimental 

data is really limited and the sample size used for modeling is too small. Recently, 

with the accumulation of experimental data, structural diversity of the complexes has 

increased, and the reliability of the model has been significantly improved. Some 

statistical models based on atomic additivity (substructure method) have also been 

developed to directly calculate the logP of platinum complexes [38]. 

In this paper, we report new descriptors derived from ESPs on molecular surface, 

focusing on the quantitative structure-hydrophobicity relationship of Pt(IV) 

complexes. It would provide a new approach for predicting the physicochemical 

properties of metal complexes. 

 

2. Computational details 

All quantum chemical calculations were performed with the Gaussian 09 software 

package [41]. Firstly, the initial geometry of each Pt(IV) complex was optimized with 

the hybrid functional B3LYP method using mixed basis set (SDD effective core 

potential for Pt and 6-31+G(d,p) for other atoms). In previous comparative tests for Pt 
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complexes, this level of theory was proven to reproduce well the molecular structures 

and NMR spectra [42]. Based on the optimized geometries, electronic densities and 

ESPs were calculated with grid method. The grid control option was set to cube = 

100 , and therefore, about 1003 values of electronic density and ESP were computed 

for each molecule. Subsequently, the points on molecular surface (the outer isodensity 

envelope of (r)=0.001 a.u.) as well as their ESP values were extracted. Then, a total 

of 33 descriptors derived from these ESPs, were calculated by using an in-house 

program. Some of these structural descriptors, e.g. spatial and surface extrema of the 

ESPs, average positive or negative ESPs,  and  (vide infra), were suggested by 

Politzer et al. [19,20], and most were developed or modified in our group [21-26].  

Correlations of the descriptors with the hydrophobicity index were established with 

multiple linear regression (MLR) analysis. Several up-to-date modeling techniques 

including support vector machine (SVM) [43], least-squares support vector machine 

(LSSVM) [44], random forest (RF) [45] and Gaussian process (GP) [46] were also 

adopted with expect to yield better predictive models. 

The stability and predictive power of these models were verified by leave-one-out 

(LOO) and rigorous Monte Carlo cross-validation (MCCV) [47]. In MCCV, the 

whole data set was split randomly into a training set and a test set in 3:1 ratio and an 

external R2 ( ) was used as the evaluation criterion. It was calculated from the 

following formula [48].  

             (1)   

where  is the averaged value of the response variables for the training set, 

and are experimental and predicted values of the test set, respectively. 

Each cross-validation calculation yielded a value, and the process was repeated 

216=65536 times. From these results the cumulative distribution function of is 

estimated by: 

       (2)   

where  is the probability density of . The median  corresponds 

to an x value of Pcum=0.5, which represents the demarcation dividing the whole 

sampled  equally. The integral  is defined by the following formula. 

      (3)   
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It describes the distribution of the entire  probability density, and its value lies 

between 0 and 1. The peak  is the peak position of  probability density and 

indicates the most probable location of sampled . The peak, median and integral 

 values were served as the measures of model quality. 

 

3. Results and Discussion 

3.1. The QSPR models for  

The data set was taken from previous publication [36]. The hydrophobic indexes 

expressed as  (  is the HPLC capacity factor extrapolated to 100% water) for 

53 Pt(IV) complexes are collected in Table 1. The original data set was first split into 

a training set and test set in the ratio of 3:1. The 13 complexes in the test set were 

randomly selected as those numbered as 4n and marked with asterisks in Table 1.  

By using stepwise linear regression and selecting pure ESP-based structural 

descriptors as independent variables, a four-parameter QSPR model (Eq. (4)) was 

firstly established for the training set as follow:  

 

 

N=40, =0.87, RMSEE=0.69, =0.81, RMSCV=0.82, =0.77, RMSEP=0.83     (4) 

 

where and throughout this paper, N is the number of data points submitted for 

regression;  and RMSEE are fitting coefficient of determination and root mean 

square error of estimation;  and RMSCV are LOO cross-validation coefficient 

and root mean square error of LOO cross-validation;  and RMSEP are 

predictive coefficient of determination and root mean square error of prediction.  

Considering the fact that the hydrophobicity of a compound is generally associated 

with molecular size, we also incorporated molecular volume and molecular surface 

area (AS) in the MLR analysis and obtained a similar four-parameter model (Eq. (5)).  

 

 

N=40, =0.89, RMSEE=0.64, =0.85, RMSCV=0.73, =0.87, RMSEP=0.63      (5) 

 

It can be seen that, as compared to Eq. 4, Eq. 5 shows larger ,  and  

values, and smaller RMSEE, RMSCV and RMSEP values, which means that the 
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As-integrated QSPR model has better fitting and predictive power. Nevertheless, the 

difference in statistical quality between the two models is not quite large, and both 

would be taken into account in subsequent discussion. Using Eqs. 4 and 5, we 

predicted the hydrophobicity for all complexes. The results are tabulated in Table S1 

as supporting information. The plots of predicted versus experimental  values 

for both the training set and the test set shows good fitting (Fig. 1). 

As more than one variable are introduced in the models, it is necessary to examine 

the stability of the regression equations. Upon investigating the collinearity of 

variables in Eqs. 4 and 5, we obtained the variance inflation factor (VIF) for each 

descriptor (Table S2). According to statistics principle [49], a value of 1.0 is 

indicative of no correlation, while a value less than 10.0 is statistically acceptable. It 

is shown that all of the VIF values are less than 2.0, indicating that the stability of the 

QSPR models constructed are highly satisfactory.  

 

3.2. Mechanistic interpretation of the descriptors involved 

AS reflects the size of a molecule and has been demonstrated to be an important 

descriptor in determining partition coefficients of organic compounds. It is presented 

in Eq. 5 and positively correlated with , which indicates that the Pt(IV) 

complex with larger size is more liable to distribute into nonpolar phase. According to 

the concept of linear solvation energy relationship (LSER) [50], AS (or molecular 

volume) can be viewed as a cavity term, which is a measure of the energy needed to 

overcome the cohesive forces in order to form a cavity for the solute, and the larger 

molecules would tend to be excluded from the more polar solvent water. 

All other structural descriptors included in Eqs. 4 and 5 are derived statistically 

from the ESPs on molecular surface. Five of them are associated with the independent 

ESPs, and among which  appeared for the first time in our QSPR/QSAR studies. 

The so-called independent ESPs refer to the statistically calculated ESPs of those 

points on molecular surface with pairwise distance of above 0.21 nm. The cutoff 

value 0.21 nm is the arithmetic mean value between the van der Waals radius of a 

water molecule (0.14 nm) and the diameter of the water molecule (0.28 nm) [21].  

 is the sum of the independent positive ESPs. The summation starts from 

the most positive ESP on molecular surface (Vs,max), and the corresponding position of 

Vs,max is viewed as the first independent point. Then the next Vs,max is considered, and 
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it is added in the summation only if its distance from the former independent point is 

larger than 0.21 nm. This operation is repeated until all of the independent points with 

positive ESPs are included. This descriptor also appeared in previous QSPR modeling 

for logP of halogenated methylphenyl ethers [51]. As  reflects nonspecific 

intermolecular interactions, it is presented in Eq. 4 and negatively correlated with 

, indicating that the Pt(IV) complexes with larger positive ESPs tend to interact 

with water and show lower lipophilicity. 

 is the number of independent points of positive ESPs on molecular surface. 

It is the first variable introduced in the model (Eq. 4) upon stepwise regression 

analysis and can explain about 75% of the variance of experimental  value. As 

compared to ,  represents opposite contribution to the lipophilicity, 

implying that the complexes distributing with more small positive surface ESPs 

would be favorable for partition into organic phase (vide infra).  

 is the number of independent negative ESPs on molecular surface counting 

from the most negative ESPs. This term contributes negatively to the lipophilicity, 

which means that the Pt(IV) complex with more negative ESP region also tends to 

partition into water phase. This makes sense since water is a typical amphiphilic polar 

molecule (both a good electron donor and a good electron acceptor), and the existence 

of a large ESP region in the compound, whether positive or negative, is in favor of its 

interacting with water molecule.  

The hydrophobicity and hydrophilicity of a molecule is closely related to the 

uniformity of ESP distribution on molecular surface [16,18,52]. , defined as Eq. 6, is 

a descriptors reflecting uniformity of distribution of ESPs ( , and are the 

average values of surface ESPs, positive and negative surface ESPs, respectively).  is 

an indicator of the degree of balance between the positive and negative surface 

potentials, and it reaches a maximum of 0.25 when .  is generally 

viewed as a measure of electrostatic interaction tendency. Compared to , another 

similar descriptor, it emphasizes the contribution of the extremum and is more 

sensitive to the variation of the surface ESPs [19,20]. In fact, and  have been 

frequently introduced in previous QSPR models [16,26]. In this work,  and  

(balance parameter for the independent ESPs) are found to be statistically significant 

and give negative contribution to , manifesting that the distribution uniformity 

of ESPs play important role in the hydrophobicity of Pt(IV) complex. The Pt(IV) 
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complex with more balanced positive and negative surface ESPs distribution are 

favorable to enhance the lipophilicity. 

 

                                               

     (6) 

 

As mentioned above, the presence of large positive or negative ESPs on the 

molecular surface is in favor of interacting with water molecule, and therefore 

detrimental for the lipophilicity. On the contrary, the contour surface of a typical 

hydrophobic molecule or fragment (e.g. alkyl group) is usually distributed with small 

and uniform positive ESPs [16,18,52]. With this in mind, we constructed a group of 

new descriptors based on statistical calculations starting from the surface ESPs closest 

to zero, and one of them, , has been utilized to predict the complexation of 

structurally diverse compounds with -cyclodextrin [23]. In the present work, another 

descriptor of this type, , has been found to be statistically significant and was 

introduced in both models.  is the average of independent positive ESPs on 

molecular surface ranging from 0 to 0.01 a.u.. It makes a negative contribution to 

, meaning that the smaller the absolute value of these tiny positive ESPs, the 

more favorable it is for lipophilicity. This is consistent with aforementioned analysis. 

 

3.3. Nonlinear models 

As shown above, the linear models provide satisfactory predictive power and good 

interpretability. Nevertheless, non-linear models usually give better results. 

Accordingly, we use several up-to-date non-linear statistical methods, including SVM, 

LSSVM, RF and GP to deal with the present data set. The input parameters are the 

structure descriptors introduced in Eqs. 4 and 5. The statistic results of the nonlinear 

models for both the training set and the test set are displayed in Table 2. For the 

purpose of comparison, the corresponding values of linear models are also listed. The 

parameters optimized during the course of nonlinear modeling are summarized in 

Table S3. 

SVM is a machine learning algorithm developed by Vapnik et al. in the framework 

of the statistical learning theory [43]. It is especially suitable for dealing with 
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small-sample, high-dimensional and strong collinear problems due to adopting 

structural risk minimization (SRM) instead of empirical risk minimization (ERM). 

LSSVM is developed on the basis of traditional SVM. It introduces a least squares 

linear system into support vectors, transforms inequality constraints into equality 

constraints, and converts solving quadratic programming problems into solving linear 

equations. As a result, the insensitive loss function is avoided, and the computational 

efficiency is greatly improved [44]. 

It can be seen from the statistical results given in Table 2, for the training set, the 

fitting ability and predictive power of SVM and LSSVM have been improved as 

compared with the linear MLR models (larger  and , and smaller RMSEE and 

RMSCV values), whether the pure ESP descriptor set or the AS-integrated one was 

adopted. For the test set, however, the performances of SVM are unusually poor, the 

 values are not larger than 0.70, and the RMSEP values exceed 0.90. Relatively, 

LSSVM yields significantly better predictive performance than the traditional SVM as 

well as MLR, as reflected by the statistical results in Table 2 (all of the coefficients of 

determination, ,  and , are larger than 0.85, and the RMSEP values drop 

to ca. 0.6, regardless of the descriptor set used).  

Random forest is a flexible, easy to use machine learning algorithm [45]. This type 

of algorithm helps to enhance the ways that technologies analyze complex data. It is 

capable of performing both regression and classification tasks with the use of multiple 

decision trees and a bagging technique. It is necessary to adjust the parameters in the 

construction of the decision tree to get the final model with the best parameters. In the 

present work, two adjustable parameters, number of trees (ntree) and size of descriptor 

subset (mtree), were optimized using grid-searching method. The optimum ntree and 

mtree (see Table S3) were used to construct the final RF model.  

As can be seen from the data in Table 2, the  values of RF models based on the 

two different descriptor sets are 0.91 and 0.89, respectively, and the RMSEE values 

are 0.58 and 0.64, respectively, which means that the RF models have relatively good 

fitting ability. However, from the information reflected by other four statistical 

quantities, , RMSCV, , and RMSEP, the predictive performance of the RF 

models are relatively poor.  
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Gaussian process (GP) is a new type of machine learning algorithm developed on 

the basis of Bayesian framework and has attracted wide interest of researchers in 

related fields in recent years [53,54]. It has several advantages over the other 

nonlinear modeling methods, such as no function constraints, being capable of dealing 

with linear/nonlinear hybrid problems, automatic determination of the model 

parameters, and probabilistic significance of the output results. Moreover, the GP 

method can evaluate the validity and confidence of the prediction results [46].  

Recently, we applied this method to construct successfully predictive models of the 

-cyclodextrin [23], the 

bioconcentration factor of nonionic compounds [24], and the minimum alveolar 

concentration of anesthetic agents [25]. In the current study, we use the general 

covariance function as the kernel function, which consists of a constant term, a linear 

term, a square exponential term, and a noise term. The corresponding 

hyperparameters 0 (constant term), 1 (linear term), 2 (square exponential term), and  

 (noise term) are optimized by conjugate gradient method and displayed in Table 

S3.  

For the training set, the  values given by GP modeling are 0.94 (Pure 

ESP-based) and 0.92 (AS-integrated), and the RMSEE values are 0.46 and 0.53, 

respectively. The former yields the best fitting ability among all of the models. The 

performances of GP models, however, are not as excellent as one might expected, 

from the statistical results of LOO-CV as well as those for the test set. The , 

RMSCV,  and RMSEP values of the As-integrated GP models are almost the 

same as those of the linear model. This means that the linear components are 

predominant in the GP modeling, which is supported by the optimized 

hyperparameters 0, 1 and 2 ( 0, 1 2).  

Additionally, one of the advantages of the GP method over the other nonlinear 

modeling techniques lies in that the importance of different descriptors can be 

measured by the length scales ri. Each ri is associated with an input and characterizes 

the distance in the i

small ri value corresponds to a relatively important descriptor, whereas a large ri value 
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property very much. It has been shown that all of the ri values (see Table S4) are less 

than 3, which means that all the descriptors in Eqs. 4 and 5 

hydrophobicity of Pt(IV) complexes. Relatively,  and the balance parameter  

give more important contributions. 

Comparing the data listed in Table 2, it is not difficult to infer that the predictive 

performances of the four different nonlinear modeling methods follow the order of 

LSSVM GP > RF > SVM. As for comparison between the pure-ESP-based models 

and the AS-integrated ones, the former is in general inferior to the latter. The predicted 

 values by the LSSVM and GP models are displayed in Table S2. The plots of 

predicted versus experimental results are illustrated in Fig. 1, from which the fitting 

and predictive power of these models can be visually compared.  

 

3.4. Monte Carlo cross-validation tests 

As stated above, the samples in the test set (13 complexes) are randomly selected. 

Nevertheless, such selection is featured of inherent arbitrariness, and the validation 

using one single test set is undoubtedly deficient from the point of statistics. In order 

to systemically test the predictive power of the QSPR models, we used MCCV 

method with up to 216=65536 samplings to perform rigorous validations. Table 2 lists 

the peak, median and integral  values. For the pure-ESP-based linear model, 

they are 0.88, 0.82 and 0.79, respectively, while for the As-integrated linear model, 

these three values are 0.90, 0.86 and 0.83, respectively. Except the integral  

values of the former, they are all larger than 0.80, demonstrating that both linear 

models have considerably good stability and predictive power. As for the four 

nonlinear modeling methods, the MCCV results reveal that their predictive 

performances follow the same order as the results of the single test set. The LSSVM 

and GP models are slightly better than the corresponding linear model, and the SVM 

and RF models are significantly worse. 

 

3.5. Comparison with previous results 

There have been several reports in the literature about the prediction of the 

lipophilicity of platinum complexes. However, due to the difference in complex sets 

adopted, and in some cases, Pt(IV) complexes have been mixed with Pt(II) complexes 
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together for modeling, direct comparison is often difficult. 

Ermondi et al. [36] performed a modeling study with the molecular-interaction- 

fields (MIF) based method for the same data set. They used four types of probes and a 

total of 92 Volsurf descriptors, and obtained the statistical results as follows: 

R2(LOO)=0.87, R2(3- and 4-fold)=0.85. For comparison, we have done a similar 

calculation with partial least squares (PLS) method using all 33 ESP-based descriptors 

plus As, resulting in R2(LOO)=0.85, R2(3-fold)=0.83 and R2(4-fold)=0.82. The 

statistical quality of our model is roughly equivalent to that of MIF-based one.  

Tetko et al. [38] used fragment-based and whole-molecule methods to develop 

several models for predicting the lipophilicity of platinum complexes. Particularly, 

they provided a website for the public to predict the logP of new Pt complexes. In that 

work, some models only for the Pt(IV) complexes were reported. In order to make a 

proper comparison, and meanwhile, to test further the applicability of the ESP-derived 

descriptors, we performed a QSPR treatment, following the same workflow, for all 

122 Pt(IV) complexes reported by Tetko et al. (51 of them are duplicates of the 

complexes considered in this work, see supporting information). Using the same 

training set of 87 complexes as Tetko et al. adopted, we obtained a four-parameter 

model similar to Eq. 5 as follows:  

 

 

N=87, =0.74, RMSEE=0.73, (5-fold)=0.71, RMSCV(5-fold)=0.75             (7) 

 

Eq. 7 is evidently inferior to Eq. 5, and there is a certain gap between the results 

and what we expected. Furthermore, two nonlinear modeling methods that performed 

well in prior work, LSSVM and GP, were used to deal with the data set, but no 

significantly improvement was found. For the test set consisting of the remaining 35 

complexes, this linear model gives =0.59 and RMSEP=0.84.  

This result certainly cannot be compared with the best result of Tetko et al. (the 

cross-validated RMSE values of the associative neural network modeling were 0.36 

and 0.66 respectively for the training set and the test set). Nevertheless, it is still 

acceptable when compared with their MLR results ( (5-fold)=0.3-0.78 and 

RMSCV(5-fold)=0.72-1.28 for the combined set Pt(II) and Pt(IV), no results found for 
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Pt(IV) alone), especially considering the good interpretability of the descriptors. 

One of main reasons for the unsuccess of the models established for the 53 Pt(IV) 

complexes to extend to a larger data set is that the 33 descriptors derived from ESPs 

on molecular surface provide relatively limited information. At present, there are still 

some deficiencies in QSPR modeling of complex compounds and in QSAR modeling. 

New descriptors of this type have been developing in our laboratory to extend their 

applicability. 

  

4. Summary and Conclusions 

Metal complexes exhibit quite different bonding mode and electronic structure 

from common organic compounds. It is usually difficult to predict the 

physicochemical properties of metal complexes from molecular structures due to 

computational complexity or the lack of relevant parameters. The present paper was 

aimed at answering the question whether the physicochemical properties of the metal 

complexes can be predicted regardless of their internal bonding mode and base on 

molecular surface properties that are often used for common organic compounds. For 

this purpose, quantitative structure-hydrophobicity relationship for a group of Pt(IV) 

complexes was investigated by using the structure descriptors derived from 

electrostatic potentials (ESPs) on molecular surface.  

A four-parameter equation with pure-ESP based descriptors was firstly constructed 

for the training set consists of 40 Pt(IV) complexes. Incorporation of an additional 

descriptor reflecting molecular size (AS) in the modeling resulted in a similar 

four-parameter equation. A collinearity diagnosis of variables revealed that the VIF 

values of all descriptors are less than 2.0, demonstrating the robustness of the models. 

Both models were further validated by rigorous MCCV calculations and showed good 

stability and predictive power. 

Mechanistic interpretations of the structural descriptors introduced were elucidated 

from the point of view of solute-solvent intermolecular interactions. Especially,  

derived from statistical calculations of the independent surface ESPs ranging from 0 

to 0.01 a.u., appeared for the first time in our QSPR/QSAR studies. 

Four up-to-date modeling techniques, including SVM, LSSVM, RF and GP, were 

utilized to build the nonlinear models. The predictive performances of GP and 
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LSSVM modeling are satisfactory, as reflected by the statistical results in Table 2. 

The SVM and RF methods represent poor performance, even worse than the MLR 

method.   

Finally, comparisons with previous predictive models in the literature were made. 

The results show that the statistical quality of our model constructed with only a few 

structural descriptors in relation to molecular surface properties is roughly comparable 

to that of the MIF-based model for the same data set.   
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(a) Pure-ESP based MLR model                            (b) AS-integrated MLR model 
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(c) Pure-ESP based LSSVM model                          (d) AS-integrated LSSVM model 
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(e) Pure-ESP based GP model                                (f) AS-integrated GP model 

 

Fig. 1 Plots of predicted versus experimental  values of Pt(IV) complexes 

 



Table 1 molecular structures of 53 Pt(IV) complexes and their hydrophobic indexes  a 

 

Pt

A1 B1

A2 B2

L

L  

 

No. A1 A2 B1 B2 L  

1 NH3 NH3 Cl Cl OH -0.97 

2 CH3NH2 CH3NH2 Cl Cl OH -0.50 

3 (CH3)2CHNH2 (CH3)2CHNH2 Cl Cl OH 0.64 

4* NH2(CH2)2NH2 Cl Cl OH -0.90 

5 CH3NH(CH2)2NH2 Cl Cl OH -0.75 

6 CH3NH(CH2)2NHCH3 Cl Cl OH -0.55 

7 (CH3)2N(CH2)2NHCH3 Cl Cl OH -0.24 

8* (CH3)2N(CH2)2N(CH3)2 Cl Cl OH -0.08 

9 C4H7NH2 C4H7NH2 Cl Cl OH 1.20 

10 C5H9NH2 C5H9NH2 Cl Cl OH 2.16 

11 C6H11NH2 C6H11NH2 Cl Cl OH 2.84 

12* NH3 NH3 2  OH -0.96 

13 CH3NH2 CH3NH2 2  OH -0.75 

14 NH2(CH2)2NH2 2  OH -0.89 

15 NH3 NH3 CBDC OH -0.50 

16* CHDA CBDC OH 0.19 

17 CH3NH(CH2)2NHCH3  OH -0.58 

18 NH3 NH3 AAM OH -0.63 

19 NH3 NH3 BAM OH 0.23 

20* DAPPA Cl Cl OH -0.56 

21 CH3NH2 CH3NH2 BAM OH 0.98 

22 NH3 NH3 BAAPM OH 0.58 

23 NH3 NH3 Cl Cl Cl -0.78 

24* NH3 NH3 Cl Cl OCOCH3 -0.66 

25 NH3 NH3 Cl Cl OCOCF3 0.37 

26 NH3 NH3 Cl Cl OCOCH2CH3 -0.25 

27 NH3 NH3 Cl Cl OCO(CH2)2CH3 0.68 



28* NH3 NH3 Cl Cl OCO(CH2)3CH3 1.72 

29 NH3 NH3 Cl Cl OCO(CH2)4CH3 2.94 

30 NH3 NH3 Cl Cl OCO(CH2)5CH3 4.22 

31 NH3 NH3 Cl Cl OCO(CH2)2COOH -0.60 

32* NH3 NH3 2  OCOCH3 -0.70 

33 NH3 NH3 2  OCOCF3 -0.06 

34 NH3 NH3 2  OCOCH2CH3 -0.32 

35 NH3 NH3 2  OCO(CH2)2CH3 0.40 

36* NH3 NH3 2  OCO(CH2)3CH3 1.29 

37 NH3 NH3 2  OCO(CH2)4CH3 2.29 

38 NH3 NH3 2  OCO(CH2)5CH3 3.53 

39 NH3 NH3 2  OCO(CH2)2COOH -0.46 

40* CHDA Cl Cl Cl -0.16 

41 CHDA Cl Cl OCOCH3 0.31 

42 CHDA Cl Cl OCOCH2CH3 1.60 

43 CHDA Cl Cl OCO(CH2)2CH3 1.98 

44* CHDA Cl Cl OCO(CH2)3CH3 3.70 

45 CHDA Cl Cl OCO(CH2)4CH3 4.26 

46 CHDA Cl Cl OCO(CH2)5CH3 5.11 

47 CHDA OCO(CH2)2CH3 OCO(CH2)2CH3 OCO(CH2)2CH3 3.83 

48* NH2(CH2)2NH2 Cl Cl Cl -0.83 

49 NH2(CH2)2NH2 Cl Cl OCOCH3 -0.51 

50 C6H11NH2 NH3 Cl Cl Cl 1.34 

51 C6H11NH2 NH3 Cl Cl OCOCH3 1.60 

52* C6H11NH2 NH3 Cl Cl OCO(CH2)3CH3 4.56 

53 C6H11NH2 NH3 Cl Cl OCO(CH2)5CH3 6.98 

a The numbers marked with an asterisk are the Pt(IV) complexes in the test set; Abbreviations of the ligands are listed as follows: 

 



Table 2  Statistics of MLR, SVM, LSSVM, RF and GP models a 

 

 

Training set Test set MCCV 

 RMSEE  RMSCV  RMSEP 
Peak

  
Median 

 
Integral 

 

PEB 

Models 

MLR 0.87 0.69 0.81 0.82 0.77 0.83 0.88 0.82 0.79 

SVM 0.88 0.65 0.84 0.75 0.56 1.15 0.64 0.58 0.56 

LSSVM 0.92 0.52 0.85 0.74 0.87 0.62 0.90 0.86 0.83 

RF 0.91 0.58 0.69 1.06 0.74 0.88 0.75 0.75 0.73 

GP 0.94 0.46 0.83 0.79 0.84 0.69 0.89 0.86 0.84 

AI 

Models 

MLR 0.89 0.64 0.85 0.73 0.87 0.63 0.90 0.86 0.83 

SVM 0.89 0.63 0.88 0.67 0.66 0.98 0.68 0.64 0.62 

LSSVM 0.91 0.56 0.86 0.72 0.89 0.57 0.91 0.86 0.83 

RF 0.89 0.64 0.61 1.19 0.86 0.65 0.70 0.71 0.70 

GP 0.92 0.53 0.85 0.73 0.87 0.62 0.91 0.86 0.84 

a PEB Models:Pure ESP-based models; AI Models: AS-integrated models. 
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