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ABSTRACT
Breast cancer is a major public health issue and justifies the ongoing search for new active and selective molecules. In this study, a QSAR (Quantitative Structure-Activity Relationship) model was developed to predict the anticancer activity of a series of phthalocyanine derivatives on the MCF-7 cell line. Experimental activity values were converted into pIC50 for better consistency and more reliable statistical analysis. Three molecular descriptors calculated using the DFT method (B3LYP/LanL2DZ), polarizability (α), molar refractivity (MR), and electron-acceptor power (ω+), were selected to establish the model through multiple linear regression. 
The obtained model exhibits excellent statistical performance (R2 = 0.9527; Q2CV = 0.9745), indicating a strong correlation between the experimental and predicted values. Internal and external validations, according to Tropsha's criteria, confirm its robustness and predictive reliability. The applicability domain analysis shows that all molecules fall within the model's valid range, with no outliers. Polarizability appears to be the most significant descriptor for anticancer activity, suggesting that greater electronic deformability enhances biological efficacy. This QSAR model thus provides a promising tool for guiding the rational design of new phthalocyanines with high anticancer potential.
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1-INTRODUCTION
Breast cancer remains one of the most significant public health concerns worldwide. Epidemiological data from Globocan 2022 reveal that breast cancer in women is the second most commonly diagnosed cancer globally, with approximately 2.3 million new cases, representing 11.6% of all recorded cases. Furthermore, this disease was the fourth leading cause of cancer-related mortality worldwide, causing 666.000 deaths, or 6.9% of all cancer deaths [1]. Despite advancements in therapeutic approaches such as surgery, radiotherapy, and chemotherapy, the imperative to develop more efficient, less harmful, and specifically tumor-targeted anticancer treatments persists [2,3]. Consequently, pharmaceutical research is investing heavily in the discovery of new molecules that offer novel mechanisms of action and superior selectivity.
In the field of chemotherapy, macrocyclic compounds have attracted considerable attention due to their specific architecture and their ability to bind to various biological targets [4]. Among this category, phthalocyanines (Pcs), which are synthetic analogs of porphyrins, are particularly noteworthy. Thanks to their intense absorption bands in the therapeutic range (600-800 nm), their efficiency in generating singlet oxygen, and their low toxicity in the absence of light, phthalocyanines are preferred agents for PDT applications [5]. Beyond this application, recent studies indicate an intrinsic anticancer potential for certain phthalocyanine derivatives, through other mechanisms such as enzymatic inhibition [6,7]. 
Despite current knowledge, a comprehensive understanding of the structure-activity relationships and molecular mechanisms governing the anticancer properties of phthalocyanines remains a priority research area. Indeed, theoretical studies using quantum chemistry tools (DFT, TD-DFT) and molecular modeling (molecular docking) provide an efficient means to predict, rationalize, and optimize the properties of molecules well before their synthesis and experimental evaluation [8,9]. In this study, we apply Quantitative Structure-Activity Relationships (QSAR) with the aim of designing phthalocyanine derivatives with optimized anticancer activity. This theoretical chemistry method allows the association of molecular structural parameters with their biological activity while limiting reliance on extensive, costly, and sometimes risky experiments [10, 11].  This work aims to develop robust models for interpreting and predicting anticancer activity, measured by the minimum inhibitory concentration (MIC, expressed in µg/ml), of a series of phthalocyanine derivatives. The molecules studied are shown in the table below.

Table 1: Structures, codes, and median inhibitory concentrations (IC50) of the studied molecules
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	pIC50(MCF-7)
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2-MATERIALS AND METHODS
2-1-Theoretical framework of computational simulation
In order to evaluate and predict the anticancer activity of phthalocyanine derivatives, quantum chemistry calculations were carried out using the Gaussian 09 software [12]. Calculations based on density functional theory are recognized for their ability to generate a rich and reliable set of molecular properties, which justifies their use in QSAR studies [13, 14]. These approaches not only enhance the accuracy of QSAR models but also reduce the time required for calculations and the costs associated with the rational design of new drug candidates [15, 16]. The determination of molecular descriptors was carried out based on density functional theory, using the B3LYP/LanL2DZ level of theory. The values of the Minimum Inhibitory Concentrations of the seven phthalocyanine derivative molecules considered in this study are relatively very low. Among the parameters considered, the median inhibitory concentration (IC50) is of particular importance, as it serves as a quantitative indicator of a compound's potency in inhibiting a specific biological or biochemical target. To optimize the statistical robustness of the models, biological activity data are commonly transformed into the negative decimal logarithm (-log10(C)), which provides more homogeneous and usable values for biologically active compounds [17, 18]. The anticancer efficacy of the compounds is expressed in the form of pIC50, known as the inhibitory concentration potential, a parameter obtained according to the following equation:  

Where IC50 is the inhibitory concentration in μM. 
To build the model, three statistical methods were used. Among them, multiple linear regression (MLR) was applied using the tools provided by Excel [19] and XLSTAT [20].
2-2-Descriptors used
The development of the QSAR model relied on the rational selection of theoretical descriptors, chosen for their ability to accurately describe the structure-activity interactions of compounds. Among the considered descriptors is the electron acceptance power (ω+(eV)), which reflects a molecule’s ability to accept electrons, a key parameter in its chemical reactivity and interactions with biological targets. Next is polarizability (α, in atomic units), which measures how easily a molecule's electron cloud can be distorted in response to an external electric field. Finally, molar refractivity (MR) represents an optoelectronic indicator associated with the molecule's response to light, closely linked to its electronic structure and photophysical characteristics.
2-3-Estimation of the predictive capacity of a QSAR model
The validity of a model is assessed using several statistical criteria: the coefficient of determination R², standard deviation S, cross-validation correlation Q²CV, and Fisher F test. R², S, and F provide information on the fit between the experimental values and those predicted by the model. These parameters indicate the extent to which the model can correctly predict outcomes and are used to estimate the reliability of the values obtained for the test set [21, 22]. The cross-validation coefficient Q²CV assesses the model's ability to generalize its predictions beyond the data used to construct it. This predictive power is referred to as internal since it is obtained from the same compounds that were used to build the model. The coefficient of determination R² indicates how closely the calculated values approximate the experimental values. The accuracy of the model increases when the points are close to the regression line [23], which can be assessed using the coefficient of determination. R² is expressed as follows:

Where : 
Average value of the experimental anticancer activity;
Experimental value of the anticancer activity;
Theoretical value of the anticancer activity.
The closer R2 is to 1, the more accurately the model reproduces the experimental values.
The Fisher F test is used to determine the statistical validity of the model and the adequacy of the descriptors used. F is defined by the following expression :

Where :
n : the total number of data points or observations used to build the model
k : the number of independent descriptors, explanatory variables used in the model.
The cross-validation coefficient is used to measure the reliability of predictions on the training set and is determined using the following relationship : 

2-4-Acceptance settings of a model
According to the criteria proposed by Eriksson et al. [24], a model is satisfactory when  and excellent when . 
For a given test set, the condition must also be met to assess its performance.
Finally, according to Tropsha et al. [25, 26, 27], for the external validation set, the predictive power of a model can be determined based on five criteria. These criteria are as follows:
1)  ,		2)  ,		 3)  ,
4)   et , 	5)  et   
2-5-Statistical Analysis: Multiple Linear Regressions (MLR)
Multiple linear regression is a statistical approach aimed at establishing an equation linking a property to a set of descriptors. In the context of QSAR, it facilitates the development of mathematical models capable of predicting the biological activity of compounds that have not been experimentally tested. The objective of this method is to minimize the difference between experimental data and calculated values. It represents the benchmark approach for handling multidimensional data. In this work, it was carried out using the pre-programmed tools of XLSTAT :

Where : x1, x2, x3, x4,... represent the variables and  a, b, c, d,... represent the parameters
2-6-Model relevance domain
The applicability domain of a QSAR model is the set of physicochemical, structural, and biological limits within which the model can reliably predict the properties of new molecules [28]. It represents the boundary of the chemical space encompassing the compounds in the training set and those homologous to them, similar in their structural and physicochemical characteristics [29]. Since it is built on a limited set of compounds and descriptors chosen from a wide range, the model cannot provide universal and reliable predictions for all molecules. Therefore, identifying the domain of relevance is a fundamental requirement for any QSAR model, in accordance with the recommendations of the Organization for Economic Co-operation and Development (OECD) [30]. The determination of a model's applicability domain can be carried out using various methods [28]. In this study, we employ the so-called leverage approach. The principle of this method is to examine the variation of standardized residuals as a function of the distance of the descriptor values from their mean, called leverage [31]. The hii represent the diagonal elements of the matrix H. H is the projection matrix linking the experimental observations Yexp to their predictions Ypred in the regression space, and is defined by the expression:

H is defined by the expression :

The domain of applicability is defined by a leverage threshold, denoted h*. This threshold is generally calculated according to the relation h* = , where n represents the number of compounds in the training set and p the number of descriptors included in the model [32, 33]. Standardized residuals are generally considered acceptable when they fall within the range of ±3σ, with σ representing the standard deviation of the experimental measurements of the response variable [34]; this principle is commonly referred to as "the three-sigma rule" [35].
After establishing the theoretical foundations of the model, we present below the results of the modeling.
3-RESULTS AND DISCUSSION	Comment by Admin: Compare with previous studies and write down possible mechanisms of the results.
The anticancer structure-activity relationship model was developed based on three key molecular descriptors: polarizability (α, in atomic units), molar refractivity (MR), and electron-accepting power (ω+ (eV)). The values obtained for each of these parameters, as well as the minimal inhibitory concentration potentials pIC50, are summarized in the table below.
Table 2 :Physico-chemical descriptors and experimental pIC50 of the training and validation sets
	Observation
	ω+(eV)
	α(u.a)
	RM
	pIC50(MCF-7)

	Training Set

	mol1
	41.1750
	2777.5207
	378.3100
	4.9118

	mol2
	13.7509
	1504.8107
	364.7900
	4.7901

	mol3
	18.1970
	1011.5320
	236.7900
	4.8601

	mol4
	13.4955
	906.0263
	233.3400
	4.5948

	Test Set

	mol5
	24.6205
	1781.9790
	416.6400
	5.6242

	mol6
	22.4729
	2254.8887
	510.6800
	5.3290

	mol7
	8.1438
	1173.1473
	322.7300
	4.6547


Table 2 presents a series of physicochemical descriptors and the experimental pIC₅₀ values for the training and validation sets concerning the MCF-7 model. The observed pIC₅₀ values in the training set range from 4.5948 (mol4) to 4.9118 (mol1), indicating moderate differences in the median inhibitory concentration required to achieve 50% inhibition of biological activity.
3-1-Internal evaluation of the model's reliability
The model underwent internal validation to assess its robustness and generalization capability. The table below presents the correlation matrix corresponding to the descriptors selected for the model, providing a quantitative evaluation of the interactions and interdependencies between the structural variables.
Table 3: Correlation matrix between the different physicochemical descriptors of the MCF-7 model
	Variables
	ω+(eV)
	α(u.a)
	RM

	ω+(eV)
	1.0000
	0.9247
	0.5690

	α(u.a)
	0.9247
	1.0000
	0.8358

	RM
	0.5690
	0.8358
	1.0000


It is observed that the linear correlation coefficients aij between the descriptors are all below 0.95, indicating that they do not exhibit strong collinearity and can be reliably used in QSAR models.
The equation below represents the QSAR (MCF-7) model developed in this study:

The positive coefficient of 0.07147 associated with the electron-accepting power (ω+) indicates that an increase in this descriptor promotes biological activity. Thus, in the MCF-7 model, molecules with a greater ability to accept electrons tend to exhibit better activity. However, the negative coefficient of –0.00154 attributed to polarizability (α) suggests that high values of this descriptor are associated with a reduction in biological activity, likely due to interference with the mechanisms of action. With a positive coefficient of 0.00785, molar refractivity (MR) is associated with an increase in biological activity, indicating that the optical properties of the molecules play a positive role in their effectiveness. The model evaluation results for the QSAR model for MCF-7 are presented in Table 3.
Table 4: Statistical indicators of the MCF-7 model
	
	
	F
	S

	0.9527
	0.9745
	35.2919
	0.0523


The QSAR model for MCF-7 exhibits an R2 of 0.9527, indicating that 95.27% of the experimental variance in pIC50 is captured, demonstrating its strong predictive capability based on the physico-chemical descriptors used. The model shows a high cross-validation coefficient , confirming its ability to reliably predict experimental values on external data. The closeness of to R2 indicates that the model is robust and generalizable to new datasets. Such robustness is essential to validate the relevance of the identified links between molecular descriptors and biological activity. 
The high value of the F-test (35.2919) indicates that the model is statistically better than a model without explanatory variables, highlighting the validity and relevance of the chosen descriptors. The evaluation of the standard error S (0.0523) demonstrates that the model accurately reproduces the experimental values, ensuring precision and confidence in its predictions of biological activity. 
These results are further supported by the corresponding regression line of the model.
[image: ]
Figure 1: The regression line of the RQSA (MCF-7) model
Figure 1 highlights the high fidelity of the QSAR model, characterized by a minimal standard error (S = 0.0523) and an almost unitary slope, confirming the accuracy of the biological activity estimates. This observation is reinforced by Figure 2, where an almost perfect match between the experimental and predicted curves is observed, reflecting the excellent performance of the model.

Figure 2: Similarity curve of the experimental and predicted values of the RQSA model
The curves reflect the strong correlation between experimental results and the model's predictions regarding the MCF-7 anticancer activity of phthalocyanines. Despite overall high performance, the analysis of individual discrepancies remains essential to adjust the model and enhance the accuracy of its predictions.
3-2-External evaluation of the model's reliability
In order to strengthen the credibility of the developed QSAR model, external validation was carried out based on the statistical criteria proposed by Tropsha. These parameters provide a quantitative estimate of the robustness and predictive power of the model when applied to an independent data set. The corresponding results are summarized in the table below.
Table 5: Tropsha's Criteria
	
	
	
	
	

	

	

	
	
	
	
	
	k
	
	k’
	

	0.947
	0.9663
	0.9653
	0.9617
	0.001
	0.9906
	0.005
	1.01
	0.001


All the calculated parameters meet the validation criteria proposed by Tropsha, confirming the validity of the model for predicting the anticancer activity of MCF-7 phthalocyanine derivatives.
3-3-Evaluation of the contribution of descriptors

Figure 3: Contribution of descriptors in the RQSA model (MCF-7)
As shown in Figure 3, polarizability (α) is the predominant descriptor in the QSAR model for MCF-7, suggesting that the electronic deformability of molecules plays a key role in their anticancer activity. The electron-accepting power (ω⁺) also contributes to the prediction, but to a lesser extent, indicating a complementary effect to that of polarizability. Finally, the low contribution of molar refractivity (MR) highlights that parameters related to optical properties are less relevant for explaining the anticancer activity of the phthalocyanine derivatives studied. These observations guide the rational design of new anticancer compounds towards enhancing molecular polarizability, without neglecting the significant role of electron-accepting power.
3-4-Scope of application of the MCF-7 model
The applicability domain of the model was evaluated using the leverage method, and the results obtained are illustrated in the figure below.
[image: ]
Figure 4: Scope of applicability of the RQSA model (MCF-7)
The leverage values for each molecule remain below the threshold of 2.25, indicating that none of them excessively influence the model's predictions, thereby confirming the robustness of the analysis. At the same time, all standardized residuals fall within the acceptable range of -3σ to +3σ, demonstrating that all observations are reliable and none are atypical. This analysis shows that the QSAR model has a stable domain of applicability, reinforcing confidence in its predictions, provided that the quality of the data used continues to be maintained.
Conclusion
This study focused on the development of a QSAR model aimed at predicting the anticancer activity of a series of phthalocyanine derivatives on the MCF-7 cell line. The results obtained demonstrate excellent statistical performance (R2 = 0.9527; ), validated according to Tropsha's criteria, which attests to the robustness and predictive reliability of the model. Descriptor analysis indicates that polarizability is the dominant factor influencing biological activity, suggesting that greater electronic deformability of the molecules enhances their anticancer efficacy. These observations provide valuable insights for the rational design of new phthalocyanines with high therapeutic potential.
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