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Introduction

Breast cancer is the most commonly diagnosed cancer 
in women. Despite recent advancements in early detection 
and treatment, breast cancer remains the second leading 
cause of cancer-related mortality in women worldwide. 

Abstract

Objective: Breast cancer is the most common cancer in women; its mortality ranking varies by region, despite recent 
improvements in early detection and treatment. To account for these factors and modify them during the design of novel 
drugs, our research aimed to identify potential descriptors influencing Steroid Sulfatase (STS) inhibitory activity by 
analyzing a series of molecules, specifically 4-(thio)chromenones, to establish a quantitative relationship between the 
inhibitory activity of Steroid Sulfatase (STS) and the structure of these molecules. Methods: Using 24 derivatives of 
2-substituted 4-(thio)chromenone 6-O-sulfamate compounds, obtained from PubChem and whose biological activity 
was assessed experimentally, we created a QSAR model. Multiple linear regression (MLR) was used as the statistical 
technique to create the 2D QSAR model after the 2D descriptors were computed using PaDEL-Descriptor. We developed 
the QSAR model and used Lipinski’s Rule of Five and Veber’s rule to validate the pharmacokinetic profile of the 24 
compounds. Consequently, we examined combinations of two and three descriptors. Multiple linear regression (MLR), 
which is helpful for producing highly predictive and comprehensible QSAR models, was utilized to create the QSAR 
model equation using the selected combinations. Results: At the molecular level, Steroid Sulfatase (STS) is expressed 
in 87% of breast cancers. Inhibiting STS could decrease estrogen levels. A 2D QSAR analysis using the multiple 
linear regression (MLR) method was conducted on a dataset of 24 derivatives of 2-substituted 4-(thio)chromenone 
6-O-sulfamate acting as Steroid Sulfatase inhibitors to establish a quantitative relationship between biological activity 
and molecular descriptors and to identify potential descriptors affecting STS inhibition. A robust and predictive model 
was developed with a good R² value of 0.89 and a leave-one-out cross-validation coefficient (LOO Q²) of 0.83, indicating 
that the model adequately explains the quantitative relationship. In addition to the QSAR model, the pharmacokinetic 
profiles of the 24 compounds were validated according to Lipinski’s Rule of Five and Veber’s rule to assess their 
potential as drug candidates. Conclusion: Provided that untested compounds fall within the model’s applicability 
domain, the validation results indicate that this model may be used to predict their biological activity. Furthermore, 
based on a comparison of the computational results with the criteria of Lipinski’s Rule of Five and Veber’s rule, the 24 
compounds can be considered potential drug candidates, as they satisfy the requirements of both rules.
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4-(Thio)chromenone 6-O-Sulfamate Derivatives Using QSAR 
Analysis

At the time of diagnosis, approximately 70% to 75% of 
patients have estrogen receptor (ER) positive breast cancer 
[1]. Among the two types of estrogen receptors, α and β, 
ERα is the predominant subtype expressed in breast tumor 
tissues [2].  This receptor is a major mediator of estrogen’s 
tumorigenicity in cells. By binding to its receptors, 
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estrogen activates signalling cascades that regulate the 
expression of numerous genes controlling metabolism, 
cell cycle progression, or apoptosis, ultimately promoting 
tumor growth [3]. Dependence on estrogen has been 
successfully exploited in ER-positive cancers to develop 
anti-hormonal therapies. These therapies are primarily 
based on depriving tumor cells of estrogen by ovarian 
suppression (OS) or aromatase inhibitors, or by blocking 
estrogen receptors [2]. 

Many studies have been conducted to identify a new 
target for inhibiting estrogen synthesis in the mammary 
gland, revealing the existence of two enzymes: aromatase 
and steroid sulfatase (STS), both of which increase 
estrogen concentration in circulation [4]. However, STS 
activity in cancerous tissues is a hundred times greater 
than that of the aromatase pathway [5], making it a more 
promising target for discovering new candidates for breast 
cancer treatment [6]. 

Several studies have shown the importance of 
substituted sulfamates in inhibiting STS. Our study 
aims to identify potential descriptors affecting STS 
inhibitory activity in order to consider and modify them 
when designing new drugs [7, 8]. For this purpose, we 
developed a QSAR model using 24 derivatives of 4-(thio)
chromenone 6-O-sulfamate 2-substituted compounds 
retrieved from PubChem, whose biological activity is 
determined experimentally. The 2D descriptors were 
calculated using PaDEL-Descriptor, and multiple linear 
regression (MLR) was adopted as the statistical method to 
develop the 2D QSAR model. In addition to developing 
the QSAR model, we verified the pharmacokinetic profile 
of the 24 molecules based on Lipinski and Veber’s rules 
[9].

This study aims to analyze a series of molecules, 
specifically 4-thiochromenone 6-O-sulfamates consisting 
of 24 derivatives, to establish a quantitative relationship 
between the inhibitory activity of Steroid Sulfatase (STS) 
and the structure of these molecules. Additionally, we will 
examine the pharmacokinetic properties of these inhibitors 
based on Lipinski’s rule of five and Veber’s rule.

Materials and Methods

QSAR model construction 
The principle of a QSAR approach, as its name 

suggests, relies on establishing a mathematical relationship 
linking the experimentally determined biological activity 
of a set of compounds under the same experimental 
conditions to molecular descriptors calculated from the 
structure of the molecules based on statistical methods. 
QSAR aims to analyze structural data to detect factors 
influencing biological activity (Figure 1) [10-12].

Generally, to predict biological activity using a QSAR 
method, it is first necessary to construct a mathematical 
model, which requires following a certain number of steps.

Database Selection and Preparation
The choice of the database is a crucial step in 

developing a QSAR model because it heavily relies 
on reference experimental data. These data need to 
be as reliable as possible and derived from the same 
experimental protocol. Several databases are available 
for collecting data, including ChEMBL, Ligand Database, 
PubChem, etc [13].

The dataset used in this study consists of 24 compounds 
selected from publicly available databases such as 
PubChem and ChEMBL. These compounds were chosen 
based on the availability of reliable experimental biological 
activity data (pIC50) against steroid sulfatase (STS).

Although the dataset size is relatively limited, it is 
comparable to datasets used in similar QSAR studies, 
where the emphasis is placed on data quality, consistency, 
and structural diversity rather than quantity.

The collected data must be divided into two types: 
a training dataset, which will be used for constructing 
the QSAR model, and a prediction or test dataset, which 
will be used for validating the former model. Several 
approaches can be used for this selection. The most 
commonly used approach is random division, which 
involves splitting the database through simple random 
selection [14].

The chemical structures were selected from ChEMBL 
along with their inhibition values in nm. After selecting 

Figure 1. Principle of QSAR Method
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Software
The QSAR (2D) studies were conducted using the 

QSARINS version 2.2.3, (University of Insubria and 
Varese, Italy) [http://www.qsar.it] [22]. QSARINS 
employs a hybrid approach combining genetic algorithms 
(GA) with multiple linear regression (MLR), which is 
useful in predicting highly predictive and interpretable 
QSAR models.

Docking studies were performed using the molecular 
modelling simulation software AutoDock Tools 1.5.7, 
developed by The Scripps Research Institute, San Diego, 
California [http://www.autodock.scripps.edu/] [23]. 
The molecular structures were sketched in ChemSketch 
version 2.5 [http://www.acdlabs.com] [24]. And they 
were cleaned using the clean structure option available in 
ChemSketch tools, followed by energy minimization using 
the Avogadro software version 1.2.0 [https://Avogadro.cc], 
employing the steepest descent algorithm in the MMFF94s 
force field [25, 26]. PLIP (Protein-Ligand Interaction 
Profiler) analyses were conducted using the free online 
software available at https://projects.biotec.tu-dresden.
de/plip-web/plip/. 

Results

Structure-activity relationship studies
An ensemble of data of derivatives of 4-thiochromenone 

is collected and analyzed to determine the relationship 
between the chemical structures represented by the 
descriptors and the biological activity. The chemical 
structures of 24 representative compounds and their 
experimental pIC50 values are illustrated in the Figure 2:

Among the 24 compounds, eight (103350841-
103372905-103372957-103373388-103373057-
103373504-103373510-103373550) were randomly 
chosen for testing the model (test set) (30%), and the 
remaining 16 compounds were kept for the training set 
(70%).

Data preprocessing resulted in the elimination of 
426 descriptors with constant values equal to 0, and 254 
intercorrelated descriptors. In the step of selecting the 
best combination of descriptors, an analysis of 219,453 
combinations of 2 descriptors was performed, and all 
generated combinations yielded either moderate or poor 
prediction quality. However, the analysis of 2,147,483,647 
combinations of 3 descriptors resulted in 15 combinations 
with good prediction quality. Multiple linear regression 
was used to develop the QSAR models from these 15 
combinations, and the table below shows the results 
obtained (Table 1).

According to the obtained models, we noticed that 
model number 9 has the best R2 value (0.89), with the 
lowest standard error of the estimate (SEE) value (0.42). 
However, among these 15 models, model number 9 is 
chosen.

pIC50 = 26.3519 (±1.7493) - 3.7003(±0.5982)×GATS8p - 
10.7364(±1.2478)×GATS2p + 23.4981(±2.6116)×MATS1s

N=24       R2 = 0.89       R2
adj = 0.87   S = 0.42   F=46.14

The R2 value represents the coefficient of determination, 

the molecules for this study, structural optimization with 
energy minimization was performed using the Avogadro 
software version 1.2.0. The optimized structures were then 
used as inputs for calculating descriptors [15].

The inhibition of STS in nm was converted to a 
logarithmic scale by taking the negative logarithm (pIC50 
= -log10IC50) so that it could be used as the dependent 
variable for QSAR model development [16].

The dataset was divided into two sets: a 70% training 
set, which was used for model development, and a 30% 
test set, which was used for external model validation. 
This selection was made using “Random selection” by the 
Drug Theoretics and Cheminformatics (DTC) Laboratory 
software version 1.0.6.

Model Development
To develop a model, a data analysis method is needed 

to quantitatively relate the studied activity with the set of 
calculated descriptors. Indeed, there are several statistical 
methods for building a model and analyzing its statistical 
data. Some methods are linear, such as multiple linear 
regression (MLR) and partial least squares regression 
(PLS), while others are non-linear, such as artificial neural 
networks (ANN) [17, 18].

QSAR Model Equation
Using the DTC QSAR tool software, the “best-set 

selection” option allowed us to choose the combination 
of descriptors that would provide good prediction quality. 
Therefore, we analyzed combinations of two descriptors 
and three descriptors. The chosen combinations were used 
to develop the QSAR model equation through multiple 
linear regression (MLR), which is useful for generating 
highly predictive and interpretable QSAR models [19].

Statistical model validation
After developing the model, all statistical parameters 

must be analyzed and interpreted, and its robustness and 
quality must be verified through the validation process. 
Therefore, this validation will be divided into two parts: 
to assess the robustness of the model, internal validation 
is employed, and to evaluate predictive capacity, external 
validation is necessary. The applicability domain of 
a QSAR model is the physicochemical, structural, or 
biological space, the knowledge or information on which 
the model’s training set was developed, and for which it is 
applicable to make predictions for new compounds [20]. 
Indeed, the absence of this domain means that each QSAR 
model can formally predict the activity of a chemical even 
if its structure is completely different from those included 
in the subset.

The robustness of the QSAR model is validated 
to increase confidence in predictions and to verify the 
applicability domain of the models. In this study, all 
required measures of internal and external validation are 
calculated using the respective training and test sets [21].

The Lipinski and Veber rules are applied to identify 
“drug-like” compounds among the 29 inhibitors. To 
calculate the following descriptors: NHA, NHD, MW, 
logP, and PAS-RBC, we used the software Marvin Sketch.
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Figure 2. Chemical Structure and Experimental Biological Activity of Derivatives of 4-(thio)chromenone 6-O-sulfamate 
2-substituted.
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indicating the proportion of the variance in y (pIC50) 
explained by the independent variables (descriptors) in 
the model. A value closer to 1 indicates a more adequate 
model, with a higher R2 suggesting a better fit of the 
regression line to the data [27].

In our case, R2 = 0.89, strongly indicating the 
correlation between the descriptors used and the studied 
biological activity (STS inhibition). However, R2 has 
a limitation: its value increases with the addition of 
independent variables to the model, which can be 
misleading as some added variables may be insignificant. 
The adjusted R2 (R2

adj) overcomes this issue by decreasing 
if the added variable is insignificantand increasing if it 
is significant. In our equation, the R2adj value is 0.87, 
indicating a very good agreement between the correlation 
and the data variation.

The F value = 46.14 strongly suggests that the 
regression relationship is statistically significant and 
not by chance. The correlation matrix for the biological 
activity pIC50 and the selected descriptors used to build 
the QSAR model is presented in Table 2, demonstrating the 
absence of correlation between the selected descriptors.

Table 3 shows the Variance Inflation Factors (VIF) of 
the descriptors in the QSAR model. The VIF values of the 
three descriptors are all below 5, suggesting the absence of 
collinearity among the selected descriptors and indicating 
that the resulting model has good stability.

Validation of the Chosen Model
Internal Validation

The predictive power of the equation is validated by 
the method of cross-validation. This is a practical and 
reliable method for testing the significance of a model. 
Parameters such as Q2

LOO, SEE, SPED (LOO), Avg. rm2 
(LOO), 

Δrm2
(LOO), and MAE are calculated using this validation 

method (Table 4).

Q2
LOO  
is the coefficient of cross-validation (leave-one-out) 

and reflects the stability and predictive ability of the 
model. In this study, Q²LOO = 0.83, indicating good model 
robustness.

SEE (Standard Error of Estimation) 
Measures the dispersion of predicted values around the 

regression line [28]. A lower SEE value indicates better 
accuracy. In our case, SEE = 0.42, confirming that the 
predictions are close to the regression line.

MAE (Mean Absolute Error) 
Represents the average absolute difference between 

predicted and experimental values [29]. A lower value 
indicates better predictive performance. Here, MAE = 
0.32, demonstrating good model accuracy.

SPED (LOO) (Standard Deviation of Prediction Errors)
Represents the standard deviation of prediction errors. 

Lower values indicate better predictive capability. In this 
study, SPED showed the lowest value among the tested 
models, confirming its reliability [30].

Both Avg. rm2 (LOO) and Δrm 2 (LOO) are also important 
for evaluating the quality of QSAR model prediction. 
Their values should be > 0.5 and < 0.2, respectively. For 
our case, Avg. rm2 (LOO) = 0.77 and Δrm2 (LOO) = 0.009, 
proving the predictive capacity of the model.

Overall, all parameters calculated for internal 
validations have demonstrated the robustness of the 
model. However, this validation alone is not sufficient; 
external validation is essential to evaluate the predictive 
capacity of new compounds that were not used to generate 
the model (the test set).

External validation
External validation, as mentioned earlier, is performed 

by applying the model obtained from the training set to 
the test set dataset, and measuring performance using 
various criteria such as Q2(F1)Test, Q

2(F2)Test, Avg. Rm2 
(test), Δrm2 (test), CCC (test), et MAE (Test). The results obtained 
are illustrated in Table 5.

From the initial overview, we observe that the obtained 
values (Avg. Rm2

 (test) = 0.83, Δrm2 (test) = 0.008, MAE 
(Test) = 0.37) In external validation, the obtained values 
are very close to those of internal validation. For the 
Q2(F1)Test External Test for the test set, it is determined 
by the following equation [31]:

Where y¯TR represents the mean of the responses of 
the training set, PRESS is the sum of predictive squares, 
and SS(ext)(y¯TR) is the total sum of squares of the 
external set calculated by the mean of the training set.

The value of the Q2(F2) Test is calculated by the 
following equation:

The Q2(F2) Test differs from the Q2(F1) Test by using 
the mean of the test set instead of the training set. The 

 MATS1s GATS2p GATS8p
MATS1s 1 0.298  -0.013
GATS2p 0.298 1  -0.189
GATS8p -0.013 -0.189 1

Term Coef VIF
Constant 26.35
MATS1s 23.5 1.1
GATS2p -10.74 1.14
GATS8p -3.69 1.04

Table 3. Variance Inflation Factors (VIF)

Table 2. Correlation Matrix Among Selected Descriptors

Q2
LOO SEE SPED(LOO) Avg. rm2

(LOO) Δrm2
(LOO) MAE

0.83 0.42 0.48 0.77 0.009 0.32

Table 4. Internal Validation Results
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mean of the training set is used as a reference value. So, we 
compare the Q2(F2) Test with the Q2(F1) Test, and if their 
values are close and high, it demonstrates the predictive 
ability of the model [32].

CCC is the Concordance Correlation Coefficient. It is 
used to measure the agreement between experimental and 
predicted data. The CCC measures both precision (how 
much observations deviate from the regression line) and 
accuracy (how much the regression line deviates from 
the concordance line), and therefore any deviation of the 
regression line from the concordance line results in a CCC 
value less than 1.

From the results of external validation, we notice 
that the values (Avg. Rm2 (test) = 0.83, Δrm2 (test) = 0.008, 
MAE (Test) = 0.37) in external validation are very close to 
those of internal validation, and the value of Q2(F1) Test 
(0.82) ≈ Q2(F2) Test (0.83) and CCC = 0.92 approaches 
1, indicating that the regression line does not deviate 
much from the concordance line. This demonstrates 
the predictive capability of the model on the test set 
(Figures 3 and 4).

The applicability domain
The AD, or Application Domain, is the theoretical 

region of chemical space defined by model descriptors 
and modelled responses, and thus by the chemical 
properties of the training set, represented in each model 
by specific molecular descriptors. Since even a robust, 
significant, and validated QSAR cannot reliably predict 
modelled properties for the entire universe of chemicals, 
its application domain must be defined, and predictions 
are considered reliable only for chemicals within this 
domain [33, 34].

From the analysis of Table 6, we observe that 

compound (103373511) in the training set is considered 
an outlier, indicating that it is dissimilar to the majority 
of compounds in the training set. Table 7 indicates that 
compound (103373504) is outside the applicability 
domain of the model.

Descriptor Contribution
Figure 5 illustrates that the three descriptors (Table 8) 

are essential for constructing our model. Each of the three 
contributes either positively or negatively to the pIC50.

Interpretation of selected descriptors
GATS2p is  an autocorrela t ion descr iptor. 

Autocorrelation descriptors of chemical compounds can 
be represented at the atomic level or the molecular surface 
level, reflecting the structural characteristics of molecular 
topology and atomic properties. The negative sign of 
GATS2p indicates that an increase in this descriptor leads 
to a decrease in inhibitory activity [35].

Q2(F1)Test Q2(F2)Test Avg. Rm2 (test) Δrm2 (test) CCC (test) MAE (Test)

0.82 0.81 0.83 0.008 0.92 0.37

Table 5. External Validation Results

Figure 3. Linear Relationship between Experimental 
pIC50 and Predicted pIC50 

Figure 4. Graphical Representations of Residual Values 
against Predicted Values.

Figure 5. Descriptor Contribution in the Model
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* GATS8p indicates that the presence of polarizable 
atoms at a topological distance equal to 8 influences 
inhibitory activity. It is important to note that this 
contribution is always negative because the mathematical 
relationship only implies negative values [36, 37].

*MATS1s is also a descriptor belonging to the 2D 
autocorrelation block [38].

The descriptors GATS2p and GATS8p (weighted 
by atomic polarizabilities) represent the polarizability 
distribution of atoms at various topological distances 
for each atom in a molecule. The negative coefficients 
of the QSAR equation suggest that if there is too much 
polarizability distribution across a molecule’s atomic 
elements, this may be detrimental to how well a molecule 
interacts with the STS active site since this could alter 
both the electronic balance and steric fit between the two 
species, which is necessary for effective binding. GATS2p 
provides a measure of polarizability interactions that 
occur over two bonds, while GATS8p reflects the way 

electrons are distributed throughout the entire molecule. 
The combination of these two descriptors indicates 
that both local and global electronic arrangements will 
greatly impact the inhibition of an agonist to its receptor. 
MATS1s is a Moran autocorrelation descriptor which is 
weighted based on the atoms’ intrinsic state (or I-state). 
This I-state indicates both how many electrons are in 
the atom’s electron configuration as well as how readily 
those electrons can move within the electron environment 
around an atom. A positive coefficient indicates a favorable 
electronic distribution and an organized state of atoms 
potentially providing increased strength of STS inhibition 
as they will increase intermolecular interactions with 
residues of the enzyme binding pocket.

Veber’s rule is separate from Lipinski’s Rule of 5
Lipinski’s Rule of 5 is a method used to identify 

compounds with high absorption or permeability 
compared to those with low absorption. Therefore, for a 

Name GATS8p GATS2p MATS1s pIC50 Predicted Response Status(AD)
103372906 0.94 1.09 -0.2 6.55 6.471242101 In
103373034 0.94 1.02 -0.26 5.59 5.812903954 In
103373058 0.85 1.05 -0.23 6.58 6.528785844 In
103373100 0.79 1.14 -0.2 6.39 6.489473793 In
103373108 0.72 1.05 -0.25 6.72 6.539868481 In
103373134 0.75 1.04 -0.28 5.79 5.831279268 In
103373175 0.76 1.03 -0.26 6.14 6.3716017 In
103373390 0.82 1.12 -0.26 4.61 5.183305649 In
103373441 0.8 1.04 -0.18 7.96 7.996071713 In
103373446 0.84 1.08 -0.21 7.21 6.713659358 In
103373465 0.9 0.88 -0.18 9.47 9.343860532 In
103373480 0.75 1.17 -0.18 7.35 6.785357589 In
103373483 0.81 1.06 -0.22 6.87 6.804416567 In
103373484 1.02 0.88 -0.25 7.35 7.254952698 In
103373485 0.63 0.9 -0.28 7.66 7.778415598 In
103373509 0.98 0.88 -0.26 7.21 7.167985449 In
103373511 1.44 1.03 -0.26 4 3.855368652 Outlier
103373512 0.91 1.04 -0.2 7.3 7.119072098 In
103373513 0.94 1.05 -0.17 6.29 7.605640748 In
103373976 0.82 1.01 -0.28 6.17 5.894347107 In
103373977 0.93 1.03 -0.18 7.96 7.622391103 In

Table 6. Status of the Applicability Domain of the Training Set

Name GATS8p GATS2p MATS1s PIC50 Predicted Response Status(AD)
103350841 1.21 0.98 -0.19 7.25 6.8881339 Inside-AD
103372905 0.95 1.03 -0.17 6.85 7.783365207 Inside-AD
103372957 0.88 1.11 -0.26 4.95 5.068649029 Inside-AD
103373057 0.8 1.07 -0.21 7.11 6.96903701 Inside-AD
103373388 0.81 1.03 -0.26 5.79 6.186584564 Inside-AD
103373504 0.78 0.77 -0.27 8.25 8.854076409 Outside-AD
103373510 1.2 1.08 -0.21 5.2 5.381535979 Inside-AD
103373550 0.9 0.96 -0.28 6.36 6.135139405 Inside-AD

Table 7. Status of the Applicability Domain of the Test Set
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compound to be considered a drug, its molecular weight 
should not exceed 500 Da. Otherwise, its diffusion through 
biological membranes will be difficult, and it will be 
poorly absorbed [39]. Additionally, there should be 5 or 
fewer hydrogen bonds because too many hydrogen bonds 
make the molecule too polar, hindering its diffusion into 
lipophilic areas. Also, the hydrogen bond acceptors should 
be 10 or fewer, and the log P ≤5.

In addition to Lipinski’s rule, Veber introduced two 
other criteria to identify compounds that do not have 
problems with oral bioavailability, namely, the number 
of rotatable bonds ≤10 rotatable bonds and PSA ≤140 Å². 

Figure 6 indicates that the values of all molecules are 

in line with Lipinski’s rule, with the number of hydrogen 
bond acceptors being less than 10, the number of hydrogen 
bond donors being less than 5, and the logarithm of P is 
less than 5.

Figure 7 shows that the molecular weight of all 
compounds is less than 500 Da. In Figure 8, we observe 
that the number of rotatable bonds is less than 10 for all 
compounds, and the polar surface area is less than 140 Å².

Based on all these results, none of the compounds 
violated Lipinski’s Rule of 5, indicating that these 
inhibitors have a pharmaceutical profile and can be 
considered as potential drug candidates for breast 
cancer. The same applies to Veber’s rule, as none of the 
compounds in our series violated the rule, demonstrating 
good compliance with passive molecular transport across 
membranes.

Discussion

Limitations and future perspectives
Acknowledge more explicitly (29 compounds is small 

for MLR with 3 descriptors). However, the compounds 

Descriptor Significance
GATS8p GATS8p is lag8/weighted by atomic 

polarizabilities
GATS2p GATS2p is lag2/weighted by polarizabilities
MATS1s Moran autocorrelation of lag 1 weighted by 

I-state

Table 8. Significance of the Chosen Descriptors

Figure 8. Veber Parameters of the 29 Compounds

Figure 7. Molecular Weight Values of the 29 Compounds

Figure 6. Lipinski Parameter Values (NHA = H-bond acceptors, NHD = H-bond donors, LogP) of the 29 compounds.
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were carefully selected based on the availability of reliable 
and consistent experimental biological activity data 
(pIC50) against steroid sulfatase (STS).

Furthermore, the dataset covers a representative 
chemical space of 4-(thio)-chromenone derivatives, 
ensuring the robustness and relevance of the developed 
QSAR model within this specific class of compounds. 
This is critical – the study has no experimental validation 
at all to further enhance the predictive performance of 
the model.

Although multiple linear regression (MLR) is a well-
established method in QSAR modeling, its application 
remains relevant due to its simplicity, interpretability, 
and robustness. This integrative approach enhances the 
understanding of structure–activity relationships and 
supports the identification of key descriptors influencing 
biological activity.

The molecular descriptors that were selected for use 
in this analysis depended on statistical relevance, physical 
characteristics, as well as providing an explanation of how 
to perform QSAR assessments. This has allowed for a 
clearer picture of the relationship between the molecular 
structure of compounds and STS inhibition activity, 
therefore improving the predictive accuracy of the model 
generated. The use of well-established descriptors allows 
for a clearer understanding of the relationship between 
molecular structure and biological activity. Moreover, 
these descriptors have been widely validated in the 
literature, supporting the reliability and robustness of the 
developed QSAR model. Therefore, no experimental (in 
vitro or in vivo) validation has been performed. Further 
experimental studies are required to confirm the predicted 
biological activities and to validate the reliability of the 
proposed model.

In conclusion, during this work, we conducted a 
QSAR study on a series of 29 molecules of 4-(thio)
chromenone 6-O-sulfamate 2-substituted using the MLR 
statistical analysis method. This study aimed to establish 
a quantitative structure-activity relationship. This study 
showed that the inhibitory activity of STS is influenced 
by 3 2D autocorrelation descriptors (GATS8p, GATS2p, 
and MATS1s). These 3 descriptors contribute either 
positively or negatively to the biological activity, thus 
providing insight into the design of new compounds 
through structural modification. The robustness of the 
obtained model was evaluated using the cross-validation 
method (Leave-One-Out), showing a strong correlation 
(Q2 = 0.83) between experimental values and predicted 
values of biological activity A predictive and reliable 
QSAR model with excellent ability to fit internally (to 
the sample data) was achieved by the QSAR modeling 
with an R² of 0.89 and an R² from leave-one-out cross-
validation (Q²LOO). This demonstrates the ability of the 
QSAR model to predict effectively, giving it considerable 
confidence. Thus, the predictive power was confirmed by 
external validation using a test data set and showed better 
predictive capability. The obtained validation results allow 
us to conclude that this model can be used to predict 
the biological activity of untested molecules, provided 
they are within the model’s applicability domain. The 
comparison of the calculation results with the criteria of 

the Lipinski and Veber rules suggests that the 29 molecules 
exhibited favorable drug-likeness properties according to 
Lipinski’s and Veber’s criteria, suggesting their potential 
suitability for further pharmacological investigation since 
they comply with Lipinski’s rule of 5 and also Veber’s rule.
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