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ABSTRACT 

In this study, a hybrid approach combining QSAR and group-interaction contributions (GIC) is 

proposed to predict the permeability and solubility of SFT-MTX complexes. It was developed using 

a database containing 67 datasets related to a wide variety of SFTs. The entire dataset was randomly 

split into a training set of 57 data points and a validation set of 10. the QSAR-GIC technique 

demonstrated a strong relationship between molecular structure and the effectiveness of complexes, 

where the Linear and Non-Linear modeling yielded a ( 𝑅𝐿𝑖𝑛𝑒𝑎𝑟
2  = 97,02% , %𝐴𝐴𝑅𝐷𝐿𝑖𝑛𝑒𝑎𝑟 = 5,8573% 

and 𝑅𝑁𝑜𝑛−𝐿𝑖𝑛𝑒𝑎𝑟
2  = 99,97% , %𝐴𝐴𝑅𝐷𝑁𝑜𝑛−𝐿𝑖𝑛𝑒𝑎𝑟  = 2,0042%) for permeability; ( 𝑅𝐿𝑖𝑛𝑒𝑎𝑟

2  = 97,28% , 

%𝐴𝐴𝑅𝐷𝐿𝑖𝑛𝑒𝑎𝑟 = 3,3365% and 𝑅𝑁𝑜𝑛−𝐿𝑖𝑛𝑒𝑎𝑟
2  = 99,86% , %𝐴𝐴𝑅𝐷𝑁𝑜𝑛−𝐿𝑖𝑛𝑒𝑎𝑟  = 0,7048%) for solubility. 

It was concluded that the models are sufficiently accurate for reliable predictions, underscoring the 

importance of incorporating SFTs into MTX to enhance its effectiveness. This work validates 

surfactants' capacity to ameliorate MTX and enhance its therapeutic efficacy against breast cancer, 

using computational techniques and the QSAR-GIC approach, thereby paving the way for the 

development of more effective and safer anticancer therapies. 
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INTRODUCTION 

Drugs (e.g., mitoxantrone (MTX)) are characterized by their hydrophobic nature, which leads to 

lower bioavailability. This can be increased by adding adjuvant substances to the drug formulation, 

such as surfactants (SFT). They can interact effectively with drugs and protect them from damaging 

microbes thanks to their diverse properties, such as amphiphilic structure, adsorption and aggregation 

at the interfaces, micellization, and antimicrobial activity. Thanks to these properties, SFTs can be 

used in many applications, such as delivery systems, improved solubility and permeability, stabilizing 

drugs, and preventing their precipitation. [1,2] 

Surfactants are well-known surface-active agents and have been widely used as solubility enhancers. 

The most useful surfactant property for improving solubility and other applications is the ability to 

reduce the surface tension of water and other media. Surfactants with different functionalities in the 

backbone can dissolve in both aqueous and non-aqueous environments and exhibit many desirable 

properties in solution. They have demonstrated their importance in drug manufacturing processes. 

They may be used to dissolve many drug species that are generally insoluble in the aqueous phase 

and to manufacture various anticancer drugs, such as Mitoxantrone. [3] 

Mitoxantrone (MTX) is a strong chemotherapy antineoplastic and immunosuppressive drug that can 

help cure multiple sclerosis (MS) and many types of cancer, including Breast cancer, various 

leukemias (e.g., Acute lymphocytic leukemia (ALL), Acute nonlymphocytic leukemia (ANLL), 

Acute myelogenous leukemia (AML)…), advanced hormone-refractory prostate cancer, non-

Hodgkin's lymphoma (NHL), and certain solid tumors.[4] MTX is classified as a polar, non-

amphiphilic drug [5], which results in low solubility, decreased absorption, and limited permeability. 

MTX (Novantrone, dihydroxyanthracenedione) belongs to a new structural class of synthetic 

antineoplastic agents. These anthracenediones have basic side chains, producing free radicals [called 

anthracyclines] attached to a planar aromatic ring system [tricyclicchromophores, which is a tricyclic 

aromatic backbone, less complex, and lacks the sugar group], facilitating their intercalation into DNA, 

and leading to inhibition of replication and transcription processes. Anthracyclines may cause 

cardiotoxicity of varying risk, particularly in cumulative doses. In contrast, Anthracenediones, such 

as Mitoxantrone, exhibit strong anticancer activity and lower cardiotoxicity due to their low 

generation of free radicals. However, it may also cause other toxicities, such as myelosuppression, 

predominantly leukopenia and neutropenia, necessitating periodic hematologic monitoring. It shows 

immunosuppressive effects. [4,6]  
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MTX works against cancer mainly by intercalating into deoxyribonucleic acid (DNA) and forming 

hydrogen bonds with it, and can also interfere with ribonucleic acid (RNA) and is considered a potent 

inhibitor of topoisomerase II. [4,7] Clinically, MTX is usually given intravenously, with its 

pharmacological profile supporting multiple routes under study (e.g., intraperitoneal, intrapleural). 

Yet, intravenous injection remains the standard method approved in therapy, where continuous 

injection regimens achieve steady plasma levels and increased cellular uptake but require further 

investigation. MTX offers a favorable balance between effectiveness and safety, making it a valuable 

chemotherapy option for various types of cancer. [8] The interaction between mitoxantrone and 

surfactants is an important focus of research, attracting significant attention due to the clinical 

relevance of mitoxantrone as an anticancer drug, particularly for breast cancer, and surfactants' ability 

to address some of its limitations (e.g., reduced permeability and water solubility).  

METHODOLOGY 

Computational chemistry methods have been developed to study reactions and predict reactivity in 

synthetic chemistry. As a result, vast ranges of compound reactivity can be predicted computationally, 

enabling the design of drugs for Breast cancer, Acute lymphocytic leukemia (ALL), Acute 

myelogenous leukemia (AML), and others. Many theoretical physical parameters were computed 

using computational methods. Various regression methods were used to compare the predicted data 

with the computed values of Bending Energy, Permeability, and Solubility for complexes formed 

using two primary models: linear and nonlinear.[9] 

An in-depth theoretical study of the interactions between MTX and a 65 SFT was conducted using 

molecular docking techniques. Then, the effect of SFT on MTX effectiveness was evaluated by 

estimating Log S (ESOL) and Consensus Log Po/w based on the SwissADME tools [10]. To predict 

and validate the Permeability and solubility properties of SFT-MTX Complexes formed, the QSAR-

GIC method was applied to identify the contributions of overlapping groups using two models (linear 

and non-linear). [11,12] 

Data sets 

A database was compiled containing 67 SFT-MTX complexes, which are classified into four classes: 

anionic, cationic, zwitterionic, and non-ionic, originally generated from synthetic or natural 

substances. The chemical structures of MTX and selected SFT were retrieved from the PubChem 

database (https://pubchem.ncbi.nlm.nih.gov/).  [13] Figure 1 presents the statistics of the distribution 

of surfactant groups across the entire database. 

https://pubchem.ncbi.nlm.nih.gov/).%20%5b9
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Figure 1. The database’s relative surfactant groups class. 

Method proposed in this work 

All calculations were performed using AutoDock Tools 1.5.7 and AutoDock Vina. [14,15] The 

structure of the SFT-MTX complexes was cleaned and optimized using Avogadro [16] and BIOVIA 

Discovery Studio 2021 [17]. The Evaluation of complex properties was performed using the 

SwissADME Tools [10], which enables the calculation of various parameters, including Log S 

(ESOL) and Consensus Log Po/w values. 

The suggested modelling technique has several benefits over other models, as it is based only on 

molecular structure and enables the prediction of generated complexes. Furthermore, it allows the 

identification of newly developed compounds not present in the database, thereby supporting 

experimental analysis while reducing time and cost. To validate the Permeability and solubility 

properties of SFT-MTX Complexes, a highly accurate predictive model was developed using the 

QSAR-GIC approach. [11,12] 

To highlight the significance of incorporating SFTs with MTX, the proposed model relies on a three-

level approximation: first-order contribution, second-order contribution, and third-order correction 

contribution, as shown in Figure 2. This was done according to the principles outlined in previous 

works by Marrero and Pardillo [12] and Constantinou and Gani [18]. The method suggested by these 

researchers is articulated around the following five points: 

i) In the proposed QSAR-GIC modeling, the Property P (log S (ESOL) or Consensus Log P) 

was defined as the sum of the contribution values of the added SFT fragments and the property value 

of the drug Mitoxantrone. 

ii) Conventional group contribution method: Log S (ESOL) and Consensus Log Po/w of an 

SFT_MTX complexes is regarded as a function of structurally-dependent parameters, determined as 

the sum of the number frequency of each simple group-interaction occurring in the complex, times 
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its contribution between bonding groups instead of the contribution of simple groups. This approach 

was proposed by Pardillo and Gonzalez-Rubio [19] and Marrero and Pardillo [12]. Various simple 

groups were selected to form a set of group interactions, allowing complex property prediction. The 

groups selected in this study are like those used by Marrero and Pardillo [12]. However, additional 

groups have been added to account for specific structural features of the complexes formed. 

iii) As in the approach suggested by Constantinou and Gani [18], three levels of approximation 

are involved in the property prediction procedure. The first (basic) level uses contributions from first-

order simple groups. A rather small set of second-order groups is used. These have the first-order 

groups as building blocks. This concept was adopted in this study to avoid the complexity of property 

estimation that would be engendered by incorporating a multi-order approach. As illustrated in Figure 

3, the first order is associated with interaction contributions from simple groups (e.g.: CH3- , -CH2- 

and ˃CH- …) and interactions between a cation and anion (e.g.: interactions of single groups > 𝑁+ < 

, 𝐶𝑙−, 𝐵𝑟−  , and interactions of second groups 𝑆𝑂4
2−, 𝑃𝑂4

2−  𝐶𝑂2
−,… ). The second order uses binary 

interaction contributions between bonding groups (e.g.: xyl, A, and Anthra).  

iv) The third-order is a correction term incorporating the equivalent number denoted as 𝐸, which 

equals 1 or 2.  The number of Hydrogen bonds 𝑛𝐻 ranges between 1 and 8, and the number of 

Hydrophobic bonds denoted as 𝑛ℎ, ranges between 1 and 7.  

v) To achieve greater accuracy, the Non-Linear model was applied to two properties: Solubility 

(reported as Log S (ESOL), and Permeability (reported as Consensus Log Po/w). 
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Figure 2. Technical study of the method of estimating properties 
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The permeability and solubility properties of SFT-MTX Complexes are greatly influenced by the 

number, nature, and functional groups of the surfactants interacting with MTX. These factors are 

among the most important in evaluating the effectiveness of surfactants in improving MTX 

properties. The performance and the effectiveness of complexes were evaluated by estimating two 

principal factors: Log S (ESOL) and Consensus Log Po/w. To validate this relationship, the QSAR-

GIC technique was employed. To link the contributions of interacting groups to the property (P), 

linear and non-linear models were applied as described by the following equations: 

P = A +  ∑ nj∆Cj

j

                                                                                                      (1) 

P𝐋𝐢𝐧𝐞𝐚𝐫 = Pdrug + (A +  ∑ nj∆Cj

j

)                                                                       (2) 

P𝐋𝐢𝐧𝐞𝐚𝐫 = Pdrug + (A +  ∑ nj∆Cj

j

) +  𝑓𝐸  × E + 𝑓𝐻 × 𝑛𝐻 +  𝑓ℎ × 𝑛ℎ           (3) 

P𝐍𝐨𝐧−𝐋𝐢𝐧𝐞𝐚𝐫 = g O P𝐋𝐢𝐧𝐞𝐚𝐫                                                                                           (4) 

Where P is property study: “Solubility (Log S (ESOL), and Permeability (Consensus Log Po/w)”, A is 

constants, nj represents the number of interacting groups (SFT-MTX) complexes, Cj indicates the 

contribution of each group, (𝑓𝐸  , 𝑓𝐻 , 𝑓ℎ) were the equivalence factors, 𝐸 is the Equivalence number, 

𝑛𝐻 is the number of Hydrogen bonds, and 𝑛ℎ is the number of Hydrophobic bonds. 

The performance of the model was evaluated using three statistical indicators: the Percent Average 

Absolute Deviation (AAD), the Average Absolute Relative Deviation Percent (%AARD), and the 

Coefficient of Determination (R²). [11,12] 

𝐴𝐴𝐷 =
1

𝑛
∑|P𝑖 − PredP𝑖  |

𝑛

𝑖=1

                                                                                    (5) 

%𝐴𝐴𝑅𝐷 =
100

𝑛
∑ |

PredP𝑖
P𝑖 − 1 ⁄ |

𝑛

𝑖=1

                                                                   (6) 

𝑅2 = 1 −

∑ |
PredP𝑖

(P𝑖
𝑒𝑥𝑡 − P𝑖)⁄ |𝑛

𝑖=1

2

∑ |
PredP𝑖

P𝑖 − 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(P𝑖) ⁄ |𝑛
𝑖=1

2                                                     (7) 
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RESULTS AND DISCUSSION 

Overall, the combination of MTX with different types of surfactants has great potential to enhance 

therapeutic efficacy in many types of cancers, especially breast cancer. The docking and ADMET 

findings demonstrated that surfactants can increase the binding affinity of MTX to the target protein 

and improve the solubility and permeability of MTX, which could boost its therapeutic effectiveness. 

The prediction by ProTox3 and VEGA-QSAR tools to suggest that the complexes still have a good 

toxicity profile equivalent to the MTX drug can also support their potential safety for use in 

pharmaceuticals. This evaluation is only a summary of the general properties found for the most 

efficient complexes. More information is needed to assess these properties and move toward a 

synthesis of ideal anticancer therapeutic agents that are effective and safe. The QSAR-GIC approach 

have yielded accurate results that highlight a considerable relationship between interaction efficiency 

and the molecular structure of complexes. The study was based on a dataset consisting of 67 

complexes, which were divided into two sets: 75% (57 complexes) for Training and 15% (10 

complexes) for Validation, representing a balanced split for adequate model learning and reliable 

testing. 

Linear model 

Overall, the SFT compounds examined in this study demonstrate positive effects, with several of 

them being found to improve MTX performance and strengthen interactions between complexes and 

protein. In this study, we estimated three properties: Energie (E), Solubility (reported as Log S 

(ESOL), and Permeability (reported as Consensus Log Po/w). These properties of the complex are 

significantly linked to the functional groups present in the surfactants and mitoxantrone drug. This 

relationship was modeled using the QSAR-GIC technique through a linear approach, according to the 

following equations:   

Log S (ESOL)𝐋𝐢𝐧𝐞𝐚𝐫 = Log S (ESOL)drug + (1,488 +  ∑ nj∆Cj

j

) + 1,671 × 𝐸 − 0,070 × 𝑛𝐻 + 0,068 × 𝑛ℎ           (8) 

Consensus Log Po/w𝐋𝐢𝐧𝐞𝐚𝐫
= Consensus Log Po/wdrug

+ (−0,622 + ∑ nj∆Cj

j

) − 1,544 × 𝐸 − 0,258 × 𝑛𝐻 + 0,372 × 𝑛ℎ     (9) 

The results of the examined linear model revealed statistically significant coefficients estimated at all 

modeling stages. Table 1 presents the statistical parameters corresponding to each stage of the 

modeling process.  
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Table 1. Statistical Results of the Proposed Linear Models Using the QSAR-GIC Method for 

Property (P). 

 
Linear Model  

Solubility Permeability No of data points 

R
2
 

Overall set 0,9728 0,9702 67 

Training set 0,9729 0,9702 57 

Validation set 0,9329 0,9277 10 

%AARD 

Overall set 3,3365 5,8573 67 

Training set 2,8356 5,0979 57 

Validation set 5,3110 16,6156 10 

AAD 

Overall set 0,1813 0,1423 67 

Training set 0,1527 0,1392 57 

Validation set 0,2662 0,3793 10 

In analyzing the model in depth and comparing the results, several observations can come to light. 

Depending on the results of the two studied properties, the interacting group model exhibits a strong 

correlation coefficient between the Training and overall modeling stage, whereas a slight discrepancy 

is observed during the validation modeling stage. The absolute error values show a greater 

convergence between the Training and overall modeling stages. The AARD value was slightly high 

in the solubility property, while we recorded a value greater than expected for the AARD on the 

permeability property.   

For the overall set, the coefficient of Determination (R²) was 0,9728 for Solubility and 0,9702 for 

Permeability, reflecting excellent overall model performance across all data and confirming that the 

two models can explain more a 97% of the included data. These high values further support the overall 

efficiency of the two models. The Average Absolute Relative Deviation (%AARD) was 3,3365 for 

Solubility and 5,8573 for Permeability, which is a relatively low values that verify the model’s 

stability and accuracy on the entire dataset. For Average Absolute Deviation (AAD) 0,1813 for 

Solubility and 0,1423 for Permeability, fall in between training and validation values, indicating that 

data are well-balanced and equally distributed. 

R² in Training Set was 0,9729 for Solubility and 0,9702 for Permeability, indicating that the model 

provides variance explanations of 97%, indicating an excellent fit and good match to Training data. 

The percentage of %AARD and AAD were estimated for Solubility at (2,8356; 0,1527) and for 

Permeability (5,0979; 0,1392), which indicated small relative errors, lower dispersion, and good 

accuracy in Training data. 
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While in the Validation set, the Coefficient of Determination R² was estimated at 0,9329 for Solubility 

and 0,9277 for Permeability, which is a good value, indicating excellent predictive accuracy (more a 

92%) and strong generalization on unseen data. The percentage of %AARD was 5,3110 for Solubility 

and 16,6156 for Permeability. Although the relative error for the Validation set was slightly larger 

than the %AARD values for the Training and Overall modeling sets, it indicates improved prediction 

accuracy on new data. The AAD value for the validation set was 0,2662 for Solubility and 0,3793 for 

Permeability, indicating lower dispersion and, therefore, greater stability and better accuracy on the 

tested data. 

The linear model in the two properties studied performs well, especially validated by a high R² on 

validation data, confirming excellent predictive capability and good generalization. Small relative 

deviations (%AARD) support prediction reliability and its stable performance, while differences in 

AAD values between sets point to expected variability in the training and validation data. Generally, 

these models demonstrate accurate and consistent predictions with acceptable variability across all 

data points. Figure 4 shows a curve displaying the relationship between Property P (Solubility, which 

is reported as Log S (ESOL), and Permeability, which is reported as Consensus Log Po/w) values and 

the Predicted Properties values (PredP) from the linear model, which was estimated by the QSAR-

GIC technique. 

  

Figure 3. Comparison between Property P and -PredP in the Training set ( ) and Validation set ( ). 

𝑨: − 𝑃𝑟𝑒𝑑𝐿𝑜𝑔 𝑆 (𝐸𝑆𝑂𝐿)  =  𝑓(−𝐿𝑜𝑔 𝑆 (𝐸𝑆𝑂𝐿)) ; 𝑩: 𝑃𝑟𝑒𝑑𝐶𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠 𝐿𝑜𝑔 𝑃𝑜/𝑤 = 𝑓(𝐶𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠 𝐿𝑜𝑔 𝑃𝑜/𝑤) 

Through an in-depth understanding of the curve, the modeled and measured points appear to have 

come together in the midrange area of the curve, clearly evidencing clustering of points around the 

linear regression line (Linear (PredP)). The fact that points are homogeneously spread near the linear 
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regression line indicates a robust linear relationship has developed, which means the predictions made 

from this model will be reliable and precise, or the data exhibits strong agreement and reliability 

between measured and modeled variables. Naturally, it is common to expect some level of variability 

in predictions in any modeling framework. The other small deviations of some points showing some 

level of scatter reflect minor deviations in predictions. A small amount of scatter from the linear 

regression line does not alter the overall findings related to the modeling, which are still strong. 

Overall, the curve demonstrates that the two models are linear and stable, capable of delivering 

precise predictions of Log S (ESOL) and Consensus Log Po/w values.  

Table 2. Statistical Error Analysis and Percentage Distribution of %AAD in Linear Model. 

 Linear Model 

 Solubility Permeability 

%AARD 3,3365 5,8573 

AAD 0,1813 0,1423 

AAD min -1,607 -1,721 

AAD max  1,149 1,427 

AAD ˂ 5 67 67 

AAD >5 0 0 
 

Visible in Table 2 are the statistical Error Analysis and Percent Distribution of Average Absolute 

Deviation in Linear Model Predictions. The Average Absolute Deviation (AAD) of the Linear model 

in the Overall set reached 0,1813 for Solubility and 0,1423 for Permeability, which a low values, 

indicating a very high predictive accuracy. The minimum absolute error (%AAD min) is -1,607 for 

Solubility and -1,721 for Permeability, meaning the model predicted some values with perfect 

accuracy. while the maximum absolute error is 1,149 for Solubility and 1,427 for Permeability, 

representing the higher deviation between predicted PredP and Property value (P), we observed that 

no sample had an absolute error greater than 5, as all samples have an absolute error (AAD) less than 

5. This demonstrates that all predictions were highly accurate and confirms the model’s accuracy and 

reliability. 

For a more detailed interpretation of both models, Table 3 presents the relative error across the 

different categories contained in the studied database for Solubility, the relative error (%AARD) is 

low in the Cationic surfactant classes, followed closely by the Non-ionic, Zwitterionic, and Anionic 

surfactant classes, which have a a low relative error (%AARD < 5,144). In contrast, For Permeability. 

It is observed that the relative error (%AARD) is low in the Cationic surfactant classes, whereas it is 

slightly higher for the Anionic surfactant class and markedly higher for the Non-ionic and 
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Zwitterionic surfactant classes compared to the other groups. According to Table 3, it can be 

concluded that the best class, with the highest proportion of property value Property P (Solubility, 

reported as Log S (ESOL), Permeability, reported as Consensus Log Po/w), corresponds to the Cationic 

surfactant group, which exhibited a low relative error (≈ 0%), followed by the Anionic and 

Zwitterionic surfactant group. In contrast, the Non-ionic surfactant group showed relatively lower 

efficiency, as the relative error was slightly higher (10,295%) in Permeability, reflecting decreased 

prediction precision or higher data variability.  

Table 3. Statistical Results Proposed Using the QSAR-GIC Method for property (P) across the four 

classes of Surfactants interacting with Mitoxantrone in the Linear Model. 

Class of Surfactants No of Surfactants % Surfactants 
Solubility 

(%AARD) 

Permeability 

(%AARD) 

Non-ionic surfactants 31 46,27 2,686 10,295 

Anionic surfactants 20 29,85 5,144 4,440 

Zwitterionic surfactants 12 17,91 4,432 8,159 

Cationic surfactants 4 5,97 4,441E-14 6,273E-13 

 

Non-Linear model 

During the first Phase of the study, the QSAR-GIC approach applied to estimate the properties of 

SFT-MTX complexes used a linear model. However, the AARD calculated from the validation set 

was higher than those calculated from the training and the overall sets, indicating the linear model 

was limited in estimating the complex relationships.  To make results better, a Non-Linear Model 

was adopted to increase estimation and prediction accuracy and improve performance. The results 

revealed that the non-linear model estimated much better and was more reliable at making predictions. 

This proved that the non-linear model was more effective in treating the problems of the linear model.  

The properties of SFT-MTX complexes are significantly linked to the functional groups present in 

the surfactants and mitoxantrone drug. This relationship was modeled using the QSAR-GIC technique 

through a Non-Linear approach, according to the following equations:   

Log S (ESOL)𝐍𝐨𝐧−𝐋𝐢𝐧𝐞𝐚𝐫 = 0,0861721 + 1,05479 × (Log S (ESOL)drug + (1,488 +  ∑ nj∆Cj

j

) + 1,671 × 𝐸 − 0,070 × 𝑛𝐻 + 0,068 × 𝑛ℎ) + 0,00575671

× (Log S (ESOL)drug + (1,488 +  ∑ nj∆Cj

j

) + 1,671 × 𝐸 − 0,070 × 𝑛𝐻 + 0,068 × 𝑛ℎ)

2

                                  (10) 
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Consensus Log Po/w𝐍𝐨𝐧−𝐋𝐢𝐧𝐞𝐚𝐫

= 0,0588531 + 0,984701

× (Consensus Log Po/wdrug
+ (−0,622 + ∑ nj∆Cj

j

) − 1,544 × 𝐸 − 0,258 × 𝑛𝐻 + 0,372 × 𝑛ℎ) − 0,00478381

× (Consensus Log P o
wdrug

+ (−0,622 +  ∑ nj∆Cj

j

) − 1,544 × 𝐸 − 0,258 × 𝑛𝐻 + 0,372 × 𝑛ℎ)

2

       (11) 

The results of the examined Non-Linear model revealed statistically significant coefficients, which 

were estimated in all modeling stages. Table 4 presents the statistical parameters corresponding to 

each stage of the modeling process.  

Table 4. Statistical Results of the Proposed Non-Linear Models Using the QSAR-GIC Method for 

Property (P). 

 
Non-Linear Model  

Solubility Permeability No of data points 

R
2
 

Overall set 0,9986 0,9997 67 

Training set 0,9985 0,9997 57 

Validation set 0,9999 1 10 

%AARD 

Overall set 0,7048 2,0042 67 

Training set 0,7048 2,1540 57 

Validation set 0,5356 1,4300 10 

AAD 

Overall set 0,0308 0,0499 67 

Training set 0,0308 0,0504 57 

Validation set 0,0208 0,0419 10 

Through a thorough investigation of the model and the results from the analysis of the two properties, 

the interacting group model shows a strong correlation across the range of estimated statistical 

parameters (R², AARD, AAD) and across all three areas of modeling (Overall, Training, and 

Validation). In general, the two Non-Linear models for Solubility and Permeability presented 

accurate and consistent predictions across all of the data. The overall Non-Linear models for each 

property, Solubility and Permeability, performed excellently, indicated by the high values for the 

coefficient of determination (R² > 0,9985 for Solubility, R² > 0,9997 for Permeability) for all three 

modeling sets, thereby confirming excellent ability to predict and adequacy in generalization. 

Average Absolute Relative Deviation Percent (%AARD) results were low across all three areas of 

modeling (%AARD < 0,7048 for Solubility, %AARD < 2,1540 for Permeability), and Average 

Absolute Deviation (AAD) was low as well (AAD < 0,0308 for Solubility, AAD < 0,0504 for 

Permeability), which also confirms predictive reliability and stability of the models. Figure 5 displays 

a curve illustrating the relationship between property P (solubility, reported as Log S (ESOL), and 
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permeability, reported as Consensus Log Po/w) values and the predicted properties (Pred(PredP)) 

generated by the Non-linear model, estimated using the QSAR-GIC technique. 

  

Figure 4. Comparison between Property P and -PredP in the Training set ( ) and Validation set ( ). 

𝑪: − 𝑃𝑟𝑒𝑑(𝑃𝑟𝑒𝑑𝐿𝑜𝑔 𝑆 (𝐸𝑆𝑂𝐿))  =  𝑓(−𝐿𝑜𝑔 𝑆 (𝐸𝑆𝑂𝐿)) ; 𝑫: 𝑃𝑟𝑒𝑑(𝑃𝑟𝑒𝑑𝐶𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠 𝐿𝑜𝑔 𝑃𝑜/𝑤) = 𝑓(𝐶𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠 𝐿𝑜𝑔 𝑃𝑜/𝑤) 

By thoroughly examining both curves, it is clear that modeled and measured points cluster around the 

central segment of the curve. with a clear clustering around the non-linear regression line (Non-Linear 

(Pred(PredP)). The consistency in the distribution of the points towards the line demonstrates a strong 

Non-Linear correlation, which not only confirms both models are accurate but are also highly reliable 

models, as shown by the trends and consistency of the data sets, especially the modeled and measured 

points alike. The slight scattering of some of the points in the curves indicates minor differences in 

prediction effect; however, these do not affect the model's overall quality. To summarize, both curves 

demonstrate that both models are stable and reliable in predicting Log S (ESOL) and Consensus Log 

Po/w values.  

Table 5. Statistical Error Analysis and Percentage Distribution of %AARD in Non-Linear Model. 

 Non-Linear Model 

Solubility Permeability 

%AARD 0,7048 2,0042 

AAD 0,0307 0,0499 

AAD min -0,044 -0,461 

AAD max  0,902 0,071 

AAD ˂ 5 67 67 

AAD >5 0 0 
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As indicated in Table 5, which presents the statistical error analysis and percentage distribution of 

Average Absolute Deviation in Non-Linear Model Predictions. The Average Absolute Deviation 

(AAD) of the Non-Linear model in the Overall set reached 0,0307 for Solubility and 0,0499 for 

Permeability, which are very low values indicating high predictive accuracy. The lowest absolute 

error (%AAD min) was recorded at -0.044 for Solubility and -0.461 for Permeability, signifying that 

the value predicted by the model is accurately close to the actual property value. Conversely, the 

highest absolute error (%AAD max) was recorded at 0.902 for Solubility and 0.071 for Permeability, 

demonstrating the highest deviation between the predicted property (Pred(PredP)) and the actual 

property value (P). It was observed that no sample had an absolute error exceeding 5, with all samples 

showing an absolute deviation (AAD) less than 5. This demonstrates that all predictions were highly 

accurate, confirming the reliability and precision of both models. 

For a more precise estimation, the Non-Linear model was applied on both properties, Solubility and 

Permeability. Table 6 presents the relative error across the different categories contained in the 

studied database for Solubility. The relative error (%AARD) is very low in all classes of surfactants 

(%AARD < 0,870), en particulary the Cationic and the Non-ionic surfactants. For Permeability, the 

relative error (%AARD) of all classes of surfactant was improved, where its values are low (%AARD 

< 3,854). So, it can be concluded that the best class, with the highest proportion of property P, is the 

Non-ionic surfactant, followed closely by the Cationic surfactant, which exhibited a low relative error 

on two properties. These results reflect that the Non-Linear model of both properties (Solubility and 

Permeability) was predicted with high precision.  

Table 6. Statistical Results Proposed Using the QSAR-GIC Method for property (P) across the four 

classes of Surfactants interacting with Mitoxantrone in the Non-Linear Model. 

Class of Surfactants No of Surfactants % Surfactants 
Solubility 

(%AARD) 

Permeability 

(%AARD) 

Non-ionic surfactants 31 46,27 0,396 2,014 

Anionic surfactants 20 29,85 0,870 1,430 

Zwitterionic surfactants 12 17,91 0,846 3,854 

Cationic surfactants 4 5,97 0,512 1,448 

 

CONCLUSION 

In this study, a hybrid QSAR and Group Interaction Contribution (GIC) approach is applied to 

estimate and predict the major properties of SFT-MTX complexes generated. This novel study 

provided valuable results and important insights into the potential to develop and improve the 
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properties of mitoxantrone. Our study demonstrated the importance of incorporating surfactants with 

MTX, thereby improving its efficacy and properties, particularly permeability and water solubility. 

Theoretical modeling using the QSAR-GIC approach demonstrated the strong relationship between 

the structure of SFT-MTX complexes and the amelioration of drug’ properties; linear modeling 

provided an AARD% of 3.3365% (R² = 0.9728) for solubility and 5.8573% (R² = 0.9702) for 

permeability, and the Non-Linear model provided an AARD% of 0.7048% (R² = 0.9986) for 

solubility and 2.0042% (R² = 0.9997) for permeability. Therefore, these results confirm that the 

surfactants tested exhibit high performance and support the formation of SFT-MTX complexes, 

thereby improving drug permeability and solubility. This data provides strong, powerful numbers to 

inform and support future experimental studies. 
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R² Coefficient of Determination 
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