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Abstract
Constructing a QSAR model involves several critical steps, including chemical 
structure preparation, molecular descriptor calculation and selection, and model 
development and validation. This study presents a comprehensive methodology for 
preparing QSAR models using freely open-source software tools. A detailed, step-
by-step protocol outlines the entire process, from compound library preparation to 
statistical validation. As a case study, we developed a QSAR model to predict the 
antioxidant activity, specifically radical scavenging activity, of 70 di(hetero)aryl amine 
and amide compounds. Molecular descriptors (12,072 total) were calculated using 
the OCHEM platform, and PyQSAR built-in tools were used for descriptor selection 
and model construction. Four key descriptors (B06[C-O], Eig04_AEA(dm), JGI2, and 
J_Dz(p)) were selected to develop a MLR model with strong statistical performance 
(Q2

CV = 0.8676, RSRCV = 0.3518). Internal validation showed strong predictive stability, 
while external validation demonstrated the model’s generalizability with a Q2

EXT > 0.5. 
This study not only demonstrates the application of a freely open-source QSAR 
approach but also contributes to ongoing efforts in identifying and designing potent 
antioxidant agents with potential therapeutic applications. All relevant files and the 
detailed protocol are provided, allowing other researchers to replicate the antioxidant 
QSAR model and apply the methodology to develop QSAR models for other 
compound libraries and biological activities.

Scientific contribution

 	• New methodology to prepare QSAR models using free and open-source tools.
 	• Antioxidant QSAR model of di(hetero)aryl amines and amides with robust 

statistical parameters.
 	• Complete step-by-step protocol to replicate the antioxidant QSAR model or 

prepare new models.
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1  Introduction
Quantitative structure–activity relationships (QSAR) modeling is an in silico meth-
odology to predict small molecules' physical or biological properties. A QSAR analy-
sis generally attempts to find correlations between an experimental biological activity 
and molecular descriptors, either calculated from the compound's chemical structure 
or experimentally obtained [1, 2]. QSAR modeling has diversified and evolved from 
its application to small series of similar compounds, using relatively simple regression 
methods, to the analysis of much larger datasets spanning thousands of molecules, using 
various statistical techniques [3]. Continuous improvements have allowed QSAR model-
ing to be widely employed in the chemical, medical, and pharmaceutical industries and 
by government institutions to predict properties such as bioactivity, toxicity, solubility, 
and permeability [4].

A series of steps are typically needed to perform a QSAR analysis: chemical data 
preparation (literature search for compounds with an IC50 value defined experimentally 
by comparable biological assays), dataset splitting, molecular descriptor calculation, 
descriptor selection, mathematical model building and model validation (Fig. 1).

Currently, many software tools are available, and typically, each software performs one 
or a small number of steps needed to build a QSAR model [3, 5] or is commercial soft-
ware that is not readily available for many researchers. PyQSAR is a free, open-source 
software that performs several steps of QSAR model development [6]. At the same time, 
OCHEM is another free-for-academic-use web-based platform that calculates a large 
number of molecular descriptors [7]. The calculated descriptors range from 1D descrip-
tors, based on the compounds' physicochemical properties or molecular formula, to 2D 
descriptors, calculated from a 2D representation, and 3D descriptors obtained from a 3D 
representation of the compounds [8]. Recently, a workflow was presented by Mansouri 
et al. (2024) based on KNIME software that automated the initial steps of QSAR model-
ing, specifically chemical library structure preparation [9]. Additionally, a framework for 
QSAR model building was published by Kausar et al. (2018); however, the number of 
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available molecular descriptors is limited, and extensive knowledge of the KNIME plat-
form is needed [10].

Reactive oxygen species (ROS), which are commonly generated as byproducts of 
chemical reactions within the human body, inflict harmful effects on living cells. Oxida-
tive stress occurs when the body's natural antioxidant defense system cannot effectively 
neutralize the free radicals produced within the body [11–13]. The antioxidant activity 
is a biological property of small molecules that has been widely studied and is related 
to the treatment and prevention of several diseases, including inflammatory diseases 
(e.g., rheumatoid arthritis), diabetes, and neurodegenerative diseases (e.g., Alzheimer's 
disease) [14, 15]. Several antioxidants have been developed and used in the cosmetic, 
pharmaceutical, and food industries [16]. Because of their diverse structures and estab-
lished biological significance, di(hetero)aryl amines and amides are often considered a 
typical chemical class of great antioxidant capacity due in significant part to their ability 
to stabilize free radicals through resonance and electron-donating actions. For instance, 
a study made by Rajíc et al. (2010) consisted of the synthesis of novel ketoprofen amides 
and evaluation of their antioxidant capability, where findings indicated that these amides 
exhibited superior reducing activity compared to their counterparts, providing a direct 
experimental demonstration of their role as effective antioxidants [17]. Moreover, in a 
study carried out by Brizzi et al. (2022), the biological characterization of lipoic/capsa-
icin-related amides highlighted their efficacy as TRPV1 agonists with significant antioxi-
dant properties, thus establishing a connection between the structural features of amides 
and their antioxidant capacity [18]. Additionally, a pertinent study by Afzal and Ahsan 
(2023) elaborates on the synthesis of 1-(1,3-Dioxoisoindolin-2-yl)-3-aryl urea analogs, 
demonstrating significant antioxidant properties, especially with specific substituents 
on the aryl ring, thus illustrating that structural modifications can modulate antioxidant 
activity [19]. In addition to the in-depth study of the antioxidant capacity of molecules 
that include di(hetero)aryl amine and amide scaffolds, these compounds are also excel-
lent candidates for QSAR optimization since they have been widely investigated for use 
in various industries, such as materials science, pharmaceuticals and cosmetic research 
fields [20–23].

Due to the importance of finding new compounds with better antioxidant capacities, 
several antioxidant QSAR studies of different compound classes have been reported, 
consubstantiating the applicability of this type of study [24–27]. For instance, a study 
by Goya Jorge et al. (2016) built an antioxidant activity QSAR model using a library of 

Fig. 1  General workflow for building a QSAR model
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1373 compounds. As the experimental variable, the radical scavenging activity (RSA) 
was obtained using the DDPH (2,2-diphenyl-l-picrylhydrazyl) method. To get the QSAR 
model, Goya Jorge et al. (2016) used a neural network method called multilayer percep-
tron (MLP) while using DRAGON® software to calculate the molecular descriptors [24]. 
In a previous study, a library of 26 di(hetero)arylamine and amine derivatives was also 
used to prepare an antioxidant QSAR model. To build the QSAR model, Abreu et al. 
(2009) used the partial least squares projection of latent structures (PLS) method and 
DRAGON® software to calculate the molecular descriptors [25]. The antioxidant activ-
ity of each compound was experimentally determined using the DPPH method, which 
assesses each compound's free RSA, and the results are presented as IC50 values. The 
statistical performance was outstanding, with an R2 value of 0.881 and a Qext

2 value of 
0.843. The di(heteroaryl) amines and amides are thus promising scaffolds for develop-
ing new compounds with potent antioxidant activities [25]. Another study by Zhan et al. 
(2017) prepared a 3D-QSAR model to analyze the relationship between the antioxidant 
activity of 15 amine derivative compounds as additives of trimethylolpropane trioleate 
lubricating oil [27].

Despite the growing number of QSAR studies targeting antioxidant activity, few 
standardized, easily available procedures include free, open-source technologies from 
chemical library preparation to model validation. Furthermore, the implementation of 
replicable, step-by-step techniques that non-experts may follow is not well-documented. 
This fragmentation presents a barrier for researchers who wish to develop predictive 
models without costly software or extensive computational expertise, particularly in 
academic and resource-limited environments. Therefore, there is a need for well-doc-
umented methodologies that demonstrate the complete QSAR workflow using freely 
available resources. This article presents a complete methodology for preparing QSAR 
models using free and open-source software tools, from chemical library preparation to 
calculating and selecting molecular descriptors to QSAR model building and validation. 
As an example of an application of the methodology, an antioxidant QSAR model was 
prepared using a library of 70 di(hetero)aryl amines or amides. The main tools used were 
the OCHEM platform to calculate the molecular descriptors while PyQSAR was used 
to build the QSAR model. The developed antioxidant QSAR model presents excellent 
standard and cross-validated statistical parameters and can be used to predict and guide 
the synthesis of new di(hetero)aryl derivatives with improved antioxidant activities. We 
describe in detail the methodology used and present an easy-to-follow step-by-step pro-
tocol for developing similar QSAR models for different biological activities that may 
interest other researchers (Additional file 1).

2  Materials and methods
2.1  Library preparation and molecular descriptor calculations

A dataset of 70 di(hetero)aryl amines and amides was selected through an extensive lit-
erature search. Only compounds presenting the following characteristics were selected: 
(1) two aryl or heteroaryl scaffolds connected by a linker containing an amine or amide 
group; (2) a linker with a maximum length of three covalent bonds between rings; and 
(3) the availability of an experimental IC50 using the DPPH (2,2-diphenyl-1-picrylhy-
drazyl) method. The rationale for this selection was based on the study by Abreu et al. 
(2009) [25], in which a QSAR model was prepared using compounds with amine linkers 
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and benzothiophene rings. The types of linkers were expanded to linkers containing 
amine and amine groups, and the types of rings were extended to all those containing 
at least one aryl group. The IC50 value is the concentration required to inhibit DPPH 
radical formation by 50%. In total, 70 compounds presented the intended structure and 
were divided into 3 families (A, B and C) according to linker type (Fig.  2). Family A, 
with 26 compounds, contains an amine group (NH); family B, with 24 compounds, con-
tains a methanamine group; and family C, with 20 compounds, contains an amide linker 
(NHCO). Figure 2 presents the scaffold structure for each family and an example of a 
compound belonging to each family. All compound structures are represented in Addi-
tional file 2.

As the antioxidant efficiencies of the 70 compounds used in this study differed by sev-
eral orders of magnitude, for each compound, the IC50 values were transformed into 
pIC50 values (Table 1) according to the following equation:

pIC5050 = −log(IC5050)� (1)

The steps performed, from library selection to molecular descriptor, are presented in 
Fig.  3. The structures of the 70 compounds were drawn using Chemsketch software 
and then transformed into SMILES format using a conversion tool present in the same 
software [28]. The list and SMILES representation of the complete library is included 
as Additional file 3 in a ready-to-use format so that the complete QSAR modeling pro-
cess performed in this study can be easily replicated. The structures were then uploaded 
to the OCHEM platform. OCHEM calculates a large number of molecular descriptors 
using different descriptor software, including Dragon, alvaDesc, MERA, MERSY, and 
MORDRED [7]. A total of 12,072 molecular descriptors were calculated (Fig. 3).

2.2  QSAR modeling using PyQSAR

The PyQSAR platform was used to prepare the antioxidant QSAR model. A primary 
objective of QSAR modeling is predicting the biological activity, physicochemical prop-
erties, or toxicity of novel chemicals within the developed model's applicability domain 
(AD). The importance of AD analysis is highlighted by the fact that the accuracy of 
such predictions is inextricably linked to how well the novel compounds fit within this 

Fig. 2  Scaffold representation of the library of 70 di(hetero)aryl amine or amide compounds. Each family contains 
2 heterocyclic groups (R) connected by a different linker. Above is the 2D scaffold representation for each family 
of compounds (A, B and C)
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Compound pIC50 (Experimental) pIC50 (Predicted) |ΔpIC50| Com-
pound

pIC50 (Experimental) pIC50 (Predicted) |ΔpIC50|

A1 [25] 4.06 4.11 0.05 B10 
[36]

4.50 4.49 0.01

A2 [25] 3.61 3.51 0.10 B11 
[36]

4.46 4.48 0.02

A3 [25] 3.77 3.68 0.09 B12 
[36]

4.44 4.50 0.06

A4 [25] 3.84 3.87 0.03 B13 
[36]

4.44 4.45 0.01

A5 [25] 3.91 4.05 0.14 B14 
[36]

4.15 4.39 0.24

A6 [25] 3.81 3.28 0.53 B15 
[36]

4.44 4.48 0.04

A7 [25] 4.07 3.83 0.24 B16 
[36]

4.32 4.47 0.15

A8 [25] 4.30 4.09 0.21 B17 
[36]

4.42 4.34 0.08

A9 [25] 3.89 3.69 0.20 B18 
[36]

5.06 4.51 0.55

A10 [25] 4.14 3.83 0.31 B19 
[36]

4.08 4.50 0.42

A11 [25] 3.38 3.66 0.28 B20 
[36]

4.60 4.54 0.06

A12 [25] 2.39 2.44 0.05 B21 
[36]

4.50 4.44 0.06

A13 [25] 2.29 2.21 0.08 B22 
[36]

4.65 4.41 0.24

A14 [25] 3.81 3.81 0.00 B23 
[36]

4.02 4.45 0.43

A15 [25] 3.98 3.65 0.33 B24 
[37]

4.02 4.48 0.46

A16 [25] 3.69 3.75 0.06 C1 [38] 4.24 4.41 0.17
A17 [25] 3.05 2.91 0.14 C2 [39] 4.28 4.23 0.05
A18 [25] 2.43 2.47 0.04 C3 [39] 4.47 4.89 0.42
A19 [25] 2.91 2.89 0.02 C4 [39] 4.18 4.05 0.13
A20 [25] 2.10 2.13 0.03 C5 [39] 4.26 4.38 0.12
A21 [25] 4.26 4.15 0.11 C6 [39] 4.48 4.21 0.27
A22 [25] 2.81 3.66 0.85 C7 [40] 3.34 3.53 0.19
A23 [25] 4.30 3.88 0.42 C8 [40] 3.28 3.46 0.18
A24 [25] 1.84 2.05 0.21 C9 [40] 3.92 3.88 0.04
A25 [25] 2.50 2.57 0.07 C10 

[40]
3.86 3.62 0.24

A26 [25] 2.26 2.63 0.37 C11 
[41]

3.90 4.12 0.22

B1 [36] 4.71 4.60 0.11 C12 
[41]

3.70 3.79 0.09

B2 [36] 4.49 4.39 0.10 C13 
[41]

3.89 3.87 0.02

B3 [36] 4.43 4.49 0.06 C14 
[42]

4.60 4.19 0.41

B4 [36] 4.53 4.42 0.11 C15 
[42]

4.40 4.32 0.08

B5 [36] 4.66 4.69 0.03 C16 
[43]

4.09 3.80 0.29

B6 [36] 4.17 4.61 0.44 C17 
[43]

3.87 3.92 0.05

Table 1  Experimental and predicted pIC50 values and respective residuals for each compound
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specified domain [29]. Based on the structural and physicochemical similarity between 
the query compound and those in the model's training set, the AD offers a framework 
for calculating prediction uncertainty [30, 31]. PyQSAR provides built-in tools for sepa-
rating training and test sets and defining the AD, which estimates the boundaries of the 
chemical space in which the QSAR model can reliably make predictions. Specifically, 
this study AD was determined based on the distance-based method in the descriptor 
space of the training set.

The 12,072 calculated descriptors and the experimental pIC50 values for each com-
pound were uploaded to the PyQSAR platform and used as input (Fig. 4). The RSA of 
the 70 compounds (pIC50), the value to be predicted with the QSAR model, was used as 
an independent variable. A QSAR model typically consists of fewer than 10 molecular 
descriptors [6]. For instance, if a model utilizes only four descriptors out of a pool of 
5,000 descriptors, the potential number of combinations amounts to 5000C4 (permuta-
tion of 5,000 by 4), equal to 6.24 × 1014 [6]. For this work, 12,072 molecular descriptors 
were calculated, which, using the same permutation formula, 12072C4 (permutation of 
12,072 by 4), gives a total of 2.12 × 1016 possible descriptor combinations. The vast search 
space renders an exhaustive approach impractical in such scenarios [32].

PyQSAR implements hierarchical clustering and genetic algorithms (GA) for descrip-
tor selection to address this issue. The clustering process involves forming groups of 
descriptors with similar calculation values, starting from the first input descriptor 
(Fig. 4). After evaluating the obtained clusters, PyQSAR selected the molecular descrip-
tors to be included in the QSAR model. First, the descriptors were grouped into clusters 
using a hierarchical clustering method. After forming the clusters, PyQSAR used the 
cophenetic correlation coefficient to evaluate the quality of the hierarchical clustering 

Fig. 3  The scheme represents the protocol for obtaining the molecular descriptors through the OCHEM platform 
(detailed steps are provided in Additional file 1)

 

Compound pIC50 (Experimental) pIC50 (Predicted) |ΔpIC50| Com-
pound

pIC50 (Experimental) pIC50 (Predicted) |ΔpIC50|

B7 [36] 4.45 4.49 0.04 C18 
[43]

3.99 3.97 0.02

B8 [36] 4.05 4.30 0.25 C19 
[44]

4.30 4.25 0.05

B9 [36] 4.52 4.45 0.07 C20 
[44]

4.24 4.23 0.01

Table 1  (continued) 
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solution. This coefficient is the correlation between the pairwise distances among the 
objects in the original dataset and the pairwise distances among the objects in the den-
drogram produced by the hierarchical clustering algorithm [33]. Following the formation 
and evaluation of the clusters, a GA was used to select a set of descriptors for the differ-
ent clusters. This method helps to prevent the selection of descriptors with similar prop-
erties (belonging to the same cluster). The selections based on the GA were repeated 
until the ideal set of descriptors was obtained. Each time a new set of descriptors was 
generated, multiple linear regression (MLR) was performed to obtain the coefficients 
for a given set of descriptors. Then, the sets of descriptors were organized according to 
their score, and only a predefined number of descriptors advanced to the next step in 
the iterative selection process. During the description selection step, a Student's t-test 
assessed each molecular descriptor's statistical significance concerning the compounds' 
biological activity. Specifically, PyQSAR compares the distribution of descriptor values 
between two groups (based on a median activity threshold) using a univariate t-test 
for each descriptor. Low p-value descriptors (p-value < 0.05) are considered statistically 
significant and kept for subsequent modeling stages. This method guarantees that only 
descriptors that significantly contribute to activity are included in the QSAR model and 
help to minimize dimensionality. A step-by-step protocol is available to detail the com-
plete descriptor selection process (Additional file 1).

2.3  QSAR model statistical validation

PyQSAR calculated several statistical parameters to evaluate the quality of the final 
QSAR model, including square correlation coefficient (R2), root mean squared error 
(RMSE) and relative standard deviation of the residuals (RSR). The R2 value represents 
the variation in the dependent variable that can be explained by the independent vari-
ables in a regression model. The RMSE is calculated as the average squared difference 
between the predicted and experimental values. The RMSE quantitatively assesses the 
difference between the predicted and experimental values in a QSAR model [34]. The 

Fig. 4  Scheme demonstrating the QSAR export model creation process through PyQSAR software [6]
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RSR value was calculated as the ratio between the RMSE and the observed standard 
deviation (STDEVobs) according to the equation RSR = RMSE/STDEVobs [35]. The RSR 
provides an estimate of the spread of the residuals, which is the difference between the 
observed and predicted biological activity values.

The predictive stability and robustness of the QSAR model were evaluated through 
internal cross-validation using a repeated random sub-sampling approach. Specifically, 
cross-validation was performed 100 times by randomly removing five compounds from 
the training set. The model was retrained using the remaining compounds, and predic-
tions were generated for the excluded compounds. This procedure allowed for the calcu-
lation of several key statistical parameters, namely:

 	• Q2
CV (Cross-validated R2): This metric represents the average predictive squared 

correlation coefficient obtained across the 100 iterations. It reflects the model’s 
ability to predict unseen data and serves as an indicator of internal predictivity. A 
higher Q2

CV value suggests that the model has good generalizability.
 	• RMSECV (Root Mean Squared Error of Cross-Validation): This measures the average 

magnitude of the prediction error across all cross-validation runs. Lower RMSECV 
values indicate that the predicted values are, on average, closer to the actual values, 
suggesting higher predictive accuracy.

 	• RSRCV (Relative Standard Deviation of Residuals in Cross-Validation): This parameter 
captures the residual variability, normalized by the mean of observed values. A low 
RSRCV value indicates that the model predictions are accurate and consistent across 
different cross-validation runs.

Collectively, these parameters provide a comprehensive assessment of the model’s pre-
dictive performance, highlighting its accuracy and robustness under internal validation.

3  Results
3.1  QSAR model for determining the antioxidant activity of di(hetero)aryl amines or 

amides

At the end of the PyQSAR modeling process, an antioxidant QSAR model was obtained 
for the library of 70 di(hetero)aryl amines and amides. The QSAR model developed used 
four descriptors:

B06[C-O]: (alvaDesc) – presence/absence of C-O at topological distance 6.
Eig04_AEA(dm): (alvaDesc) – eigenvalue n. 4 from the augmented edge adjacency 
mat, weighted by edge degree.
JGI2: (alvaDesc) – mean topological charge index of order 2.
J_Dz(p): (alvaDesc) – Balaban-like index from the Barysz matrix weighted by polariz-
ability.

The QSAR model equation and the statistical parameters were as follows:

pIC5050(P redicted) = 4.3384 + 1.1236 ∗ B06 [C − O] + (−1.7150) ∗ Eig04AEA(dm)

+1.5673 ∗ JGI2 + (−2.0874) ∗ JDz(p)
� (2)

N = 70; STDEVobs = 0.7012R2 = 0.8905; Q2
CV = 0.8676RMSE = 0.2328;

RMSECV = 0.2467RSR = 0.3320; RSRCV = 0.3518
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where N is the number of compounds used, R2 is the square correlation coefficient found 
using the linear regression method, RMSE is the root mean square error, and RSR is 
the relative standard deviation of the residuals. RMSECV and RSRCV correspond to the 
RMSE and RSR, respectively, after performing the cross-validation method. Finally, 
Q2

CV is the average value of the MLR method score after cross-validation was performed 
one hundred times.

For each compound, the experimental and predicted pIC50 values, calculated by 
Eq. (2), are shown in Table 1. To graphically assess the performance of the QSAR model, 
a plot of the predicted versus the experimental pIC50 values is displayed in Fig. 5. The 
residual value of each compound (|ΔpIC50|) is also given in Table 1.

3.2  QSAR model validation

The model was validated for its robustness and predictive power by calculating different 
statistical parameters, including cross-validation parameters, as demonstrated by the R2, 
Q2

CV, RMSE and RSR values. It is generally accepted that, as a rule of thumb, a QSAR 
model has good predictive power when the R2 value is greater than 0.6 and the Q2

CV 
is greater than 0.5 [45]. For both correlation coefficients, the values obtained were sig-
nificantly above the considered threshold values, with values of 0.8905 and 0.8909 for 
R2 and Q2

CV, respectively. Q2
CV is a parameter calculated by applying the average score 

of the MLR method after the cross-validation process is performed one hundred times. 
This value reflects the ability of the model to predict values close to the experimental 
values and, in essence, the precision of the model [46].

The RMSE value is also widely used as a validation indicator, as the lower the RMSE 
is, the better the model performance. Nevertheless, no definite RMSE threshold value 
is generally accepted. Singh et al. (2005) proposed another statistical parameter, RSR, 

Fig. 5  Predicted versus experimental pIC50 values of the 70 di(hetero)aryl amine and amide libraries used in the 
QSAR model
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that normalizes the RMSE values by including STDEVobs as a scaling factor [47]. An RSR 
value below 0.5 is considered suitable for statistically validating a QSAR model. For the 
presented model, the RSR and RSRCV were 0.3320 and 0.3518, respectively, which are 
significantly below the threshold of 0.5, thus thoroughly validating the model [35].

For external validation, the dataset of 70 compounds was randomly divided into a 
training set (80%) and a test set (20%). A QSAR model was independently developed 
using only the training set, including fresh descriptor selection via a Genetic Algorithm. 
This model was then applied to predict the test set compounds' antioxidant activity 
(pIC₅₀). The predictive performance of this unseen data was evaluated using the external 
coefficient of determination (Q2

EXT), using the formula bellow:

Q2
EXT = 1 −

∑
(YEXP − YP RED)2

∑
(YEXP − Y T RAIN )2 � (3)

where YEXP  corresponds to the experimental pIC50 values of the test set, YP RED  are 
the pIC50 values predicted by the model for the test set and Y T RAIN  corresponds to the 
mean of the experimental pIC50 values of the training test used to build the model. After 
calculation, we obtained a value for Q2

EXT  equals to 0.6589. This value is higher than the 
commonly accepted minimum limit of 0.5 for predictive QSAR models, confirming the 
model’s generalizability and robustness [45]. Following this assessment, the final QSAR 
model was constructed using the complete dataset (all 70 compounds) to maximize pre-
dictive accuracy and descriptor significance.

The correlation matrix between the pIC50 (experimental) values of antioxidant activity and 
the selected molecular descriptors is shown in Table 2. Obtaining a correlation between 
each pair of the selected molecular descriptors is crucial in developing a QSAR model to 
assess the importance of each molecular descriptor and verify that the model has been 
built with molecular descriptors that showed low collinearity between them.

As shown in Table 2, the correlations ranged from 0.0734 for the B06[C-O]/JGI2 pair 
to 0.7417 for the Eig04_AEA(dm)/J_Dz(p) pair. These values show a lack of a strong cor-
relation between the selected molecular descriptors, indicating that they all contribute 
to the variation in the antioxidant activity of the di(hetero)aryl amides and amine library 
and probably describe different characteristics of the compounds.

4  Discussion
4.1  QSAR model: di(hetero)aryl amine and amide library selection and statistical 

validation

An antioxidant QSAR model was prepared using a library of 70 di(hetero)aryl amines 
and amide derivatives. When selecting the compounds, great care was taken to choose a 
large enough number of compounds. Although not standardized, it is generally accepted 
that at least 5 compounds should be used per molecular descriptor. In this study, 4 

Table 2  Correlation matrix between the pIC50 (experimental) values and the molecular descriptors
B06[C-O] Eig04_AEA(dm) JGI2 J_Dz(p) pIC50 (Experimental)

B06[C-O] 1.0000 0.5456 0.0734 0.5617 0.8007
Eig04_AEA(dm) – 1.0000 0.2927 0.7417 0.5565
JGI2 – – 1.0000 0.1421 0.1706
J_Dz(p) – – – 1.0000 0.7511
pIC50 (Experimental) – – – – 1.0000
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descriptors were used, meaning that the minimum number of compounds used would be 
20 compounds. The library of compounds used consisted of 70 compounds, far exceed-
ing the minimum accepted value. Although the general heteroaryl-linker-heteroaryl 
structure was considered, there was substantial variety in the heteroaryl rings and linker 
types (Fig. 2 and Additional file 2). In general, compounds containing amine and amide 
groups present radical scavenging activity. This ability is usually related to the presence 
of nitrogen atoms with lone pairs of electrons (as in the case of amine and amide func-
tional groups), which are capable of interacting with free radicals through the hydrogen 
atom transfer (HAT) pathway [26]. Additionally, heteroaryl rings are considered to have 
radical scavenging activity through the radical adduct formation (RAF) reaction, where 
the double bonds in the aryl ring neutralize HOO• radicals. The outstanding statistical 
validation parameters in such a large and diverse library confirm that the QSAR model 
will perform well when predicting the antioxidant activity of other compounds with con-
generic structures.

The software tools used in this study are all freely accessible for academic use and are 
readily available for use by others. For this reason, a detailed protocol of the different 
steps performed was prepared and is provided in Additional file 1. The complete library 
used as input in the OCHEM platform is also available in XLS file format as Additional 
file 3. The protocol can easily replicate this antioxidant QSAR model to prepare other 
antioxidant QSAR models using different compound libraries of interest or to model 
other biological activities of interest.

4.2  QSAR model interpretation

The primary objective of a QSAR model is to predict the modeled bioactivity of new 
compounds not used in the model implementation. Nevertheless, an analysis of the 
molecular descriptors in the equation may lead to a better understanding of the chemi-
cal features that promote the modeled bioactivity and elucidate possible mechanisms of 
action. However, many descriptors are calculated using complex equations, and often, 
the equations are not available, making understanding each descriptor contribution 
difficult.

Four descriptors were selected for the antioxidant QSAR model presented, and an 
initial analysis was performed where the correlation between each pair of descriptors 
was determined (Table 2). All correlation pairs were less than 0.75, indicating that each 
descriptor describes different chemical features contributing to the compound's antioxi-
dant activity. Of the four descriptors, two contributed positively to the predicted pIC50 
(B06[C-O] and JGI2), while the other two contributed negatively (Eig04_AEA(dm) and 
J_Dz(p)). This contribution can be seen by the positive or negative coefficient in Eq. (2).

The first molecular descriptor selected, B06[C-O], belongs to the family of 2D atom 
pair descriptors and is of straightforward significance, indicating the presence or 
absence of C-O pairs at a topological distance of 6 covalent bonds, meaning that pairs 
of C-O atoms separated by 6 covalent bonds are a favorable feature for antioxidant activ-
ity. The presence of C-O motifs, particularly in hydroxyl, carbonyl, or ether groups, is 
well known to influence antioxidant activity due to their roles in HAT or single electron 
transfer (SET) mechanisms [48]. The spatial distribution of such functional groups may 
also impact molecular reactivity with radical species. Figure 6 presents a compound with 
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C-O pairs at a topological distance of 6 bonds (B18), a B06[C-O] value of 1, and another 
compound without C-O pairs (A24), with a B06[C-O] value of 0.

The other descriptors are more challenging to analyze in terms of significance. JGI2 
and J_Dz(p) are 2D-type descriptors representing the chemical structure as a topolog-
ical graph or matrix. JGI2 is calculated considering the charge transfer between pairs 
of atoms at a topological distance of 2 and reflects the electron distribution over the 
molecular graph. The descriptor J_Dz(p) combines molecular topology with atomic 
polarizability, highlighting the role of electron cloud flexibility and molecular branch-
ing in stabilizing radical species [49]. Finally, Eig04_AEA(dm) is obtained from a binary 
zero–one matrix (also called the adjacency matrix) that describes the nature of mole-
cules based on their dipole moment [49]. This descriptor accounts for molecular topol-
ogy and electronegativity differences, which influence electron transfer and interaction 
with reactive species, which are key factors in antioxidant mechanisms.

The JGI2 descriptors suggest a positive dependence between the antioxidant activ-
ity of the compounds, and it's extremely important as molecules capable of delocaliz-
ing charge across conjugated systems are often more effective in radical scavenging due 
to enhanced stabilization of radical intermediates [50]. On the other hand, J_Dz(p) and 
Eig04_AEA(dm) negatively contribute to the antioxidant activity, suggesting that higher 
values of the dipolar moment and polarizability of the compounds have a negative effect 
on the antioxidant activity. This negative correlation between dipole moment and anti-
oxidant activity was also verified in a study using diphenylpropionamide derivatives as 
a library of compounds, further confirming the mechanisms observed in a library of 
di(hetero)aryl amines and amides [51].

Internal and external validation procedures were rigorously performed to compre-
hensively evaluate the robustness and predictive power of the developed QSAR model. 
Internal validation was carried out through repeated random sub-sampling cross-val-
idation (100 iterations), which yielded a high cross-validated coefficient of determina-
tion (Q2

CV = 0.8909), indicating excellent predictive stability within the training set. The 
associated RMSECV and RSRCV values were low, with RSRCV = 0.3518, confirming the 
consistency and accuracy of the model across multiple validation runs. Furthermore, the 
model's fit to the training data was demonstrated by a high R2 value of 0.8905, reinforc-
ing the strength of the linear correlation between the selected molecular descriptors and 
antioxidant activity.

For external validation, the dataset was split into a training set (80%) and a test set 
(20%). A separate model was constructed exclusively from the training data and then 
applied to predict the antioxidant activity of the test set compounds. The model achieved 
a Q2

EXT = 0.6589, surpassing the commonly accepted threshold of 0.5 for predictive 

Fig.  6  Compounds with the presence (B18) or absence (A24) of a C-O pair at the topological distance of the 
bonds. Examples of the 6 covalent bonds between pairs of C-O are represented by traced red lines
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QSAR models. This confirms the model’s ability to generalize beyond the training set 
and make reliable predictions on unseen compounds. Combining these internal and 
external metrics strongly supports the statistical validity, robustness, and real-world 
applicability of the developed QSAR model.

5  Conclusion
QSAR modeling has become an essential in silico approach for predicting the biologi-
cal activities of small molecules, particularly in the context of antioxidant activity, which 
is vital for addressing various health issues linked to oxidative stress. This study pres-
ents a comprehensive methodology for developing QSAR models using only free and 
open-source software tools. A detailed protocol is included with all the steps required 
for QSAR model preparation, from chemical library preparation to molecular descriptor 
calculation and QSAR model computation and validation.

An antioxidant QSAR model using a library of 70 di(hetero)aryl amines and amides 
was successfully modeled using the presented methodology. The OCHEM platform was 
used to calculate 12,072 molecular descriptors, and PyQSAR was used to construct the 
antioxidant QSAR model. A GA was used for the clusterization as well as for descriptor 
selection methods, and in total, four key descriptors were selected and used to construct 
the QSAR model: B06[C-O], Eig04_AEA(dm), JGI2, and J_Dz(p). These descriptors 
summarize the structural and chemical properties of the compounds and were carefully 
chosen to capture distinct chemical features that can have a key role in antioxidant activ-
ity. The positive contribution of descriptors like B06[C-O] and JGI2 indicates the impor-
tance of functional groups and electron delocalization in radical scavenging. In contrast, 
negative contributions from J_Dz(p) and Eig04_AEA(dm) highlight the influence of 
dipole moment and polarizability on antioxidant efficiency.

The antioxidant QSAR model was then implemented using the MLR method. Rigorous 
validation procedures, including standard and cross-validation, demonstrated excellent 
predictive stability with a high Q2

CV value (0.8909), while external validation confirmed 
the model's ability to generalize to unseen data, achieving a Q2

EXT value of 0.6589. These 
results underscore the statistical robustness and reliability of the QSAR model.

Furthermore, the availability of the software tools, protocols, and compound library 
ensures that this model can be easily replicated for future studies, offering a versatile 
platform for developing other antioxidant QSAR models or models targeting different 
biological activities.
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