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Abstract: Cancer remains one of the most critical global health challenges, with its
associated mortality rates significantly expanding. In developed countries, it accounts
for over 20% of all deaths, underscoring its substantial impact. Among men, prostate
cancer is a major concern, ranking as the most frequently diagnosed cancer and the
second leading cause of cancer-related deaths, after lung cancer. To address this, a
Quantitative Structure-Activity Relationship (QSAR) model was developed to identify
potent anti-prostate cancer agents targeting the LNCap cell line. Model number one
demonstrated strong reliability with the following statistical parameters of R? = 0.9783,
R?adj = 0.9674, SEE = 0.0632, Q* (LOO) = 0.9467, MAE = 0.0623, and CCC = 0.8682.
Molecular docking studies further supported the model predictions, identifying three top
compounds with binding affinities ranging from (-9.1 to -9.4 kcal/mol) suggesting their
potential as androgen receptor inhibitors. The model highlighted key molecular
descriptors associated with anticancer activity: MATSS5i, P1v, RDF120u, AATS5m,
and MATS7i. This research offers valuable insights into the correlation between
structural features of 1, 9- diheteroarylnona- 1, 3, 6, 8- tetraen- 5 ones compounds, their
drug-likeness, and ADMET properties, contributing to the development of effective
treatments for prostate cancer LNCap cell line. These findings demonstrate the potential
of the developed QSAR model and docking studies to guide the design of novel and
effective anti-prostate cancer agents.

1. Introduction

Cancer remains one of the most critical global health challenges, with its associated mortality

rates significantly expanding (Torre et al., 2015). Cancer accounts for approximately 13% of global
deaths each year, making it one of the leading causes of mortality worldwide (Mahdy et al., 2020). In
developed countries, it accounts for over 20% of all deaths, underscoring its substantial impact. Among
men, prostate cancer is a major concern, ranking as the most frequently diagnosed cancer and the
second leading cause of cancer-related deaths, after lung cancer (American cancer society 2014).
Among the various approaches to cancer treatment, inhibiting angiogenesis the formation of new blood
vessels has emerged as a promising strategy to halt tumor progression (Robert S. Kerbel 2000).
Significant efforts have been directed toward the treatment and prevention of prostate cancer (PC).
While there are effective therapies for localized prostate cancer, the management of advanced or
metastatic forms of the disease remains a major challenge. Standard treatment options for localized
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prostate cancer (PC) include surgery and radiation therapy, either individually or in combination. These
are often followed by hormonal therapy. In contrast, for advanced stage prostate cancer, the primary
approach involves hormone deprivation therapy, which may also be supplemented by surgery and/or
radiation (LA Robles et al., 2012; van den bergh et al., 2013). Historically, drug discovery has relied
heavily on random screening and empirical observations of the effects of natural compounds on various
diseases. Although this traditional method is inadequate, it has nonetheless contributed to the
identification of several essential therapeutic agents. However, this approach is time consuming, labor
intensive and expensive (Leelananda & Lindert 2016).

Computer-aided drug design (CADD), which utilizes molecular modeling techniques, was
employed to enhance the efficiency of developing new drugs by using in silico simulations. Molecular
modeling allows for the rapid assessment of numerous compounds, helping to understand how they
interact with pharmacologically relevant targets before they are synthesized. This approach enables the
prediction and analysis of critical properties such as toxicity, biological activity, bioavailability, and
overall effectiveness prior to in vitro testing, thereby facilitating more strategic and informed
experimental planning (Ferreira & Glaucious 2011; Ouahhoud ef al., 2022). Molecular docking, a key
component of this process, investigates the interactions between molecular structures for example, how
a drug molecule fits and binds to a protein receptor or enzyme. Molecular docking software is widely
used in drug design, with one of its primary applications being virtual screening. This computational
approach provides valuable insights into the molecular interactions, such as hydrogen bonding,
hydrophobic contacts, and electrostatic forces, that stabilize the ligand-receptor complex. This
technique identifies promising candidates from a molecular database for further investigation. As such,
a reliable and rapid computational method is essential (Yang ef al., 2011; Diass et al., 2023; Louati et
al., 2025). This study aim at building a QSAR model on a series of 1, 9- diheteroarylnona-1, 3, 6, 8-
tetraen- 5 -one derivatives as potential inhibitors associated with prostate cancer. The research also
involves molecular docking studies, evaluating their drug-likeness and ADMET properties (Ridal et
al., 2026).

2. Methodology
2.1 Materials

The entire research was conducted using an HP EliteBook laptop equipped with a dual-core Intel
CPU running at 2.5 GHz and 4.0 GB of RAM, operating on the Windows 8. The following software
packages were employed throughout the study: ChemDraw v12.1, Spartan 14 v1.1.0, PyRx Docking
Software, and Discovery Studio. Additionally, the SwissADME and ADMET lab 2.0 online tools were
utilized to evaluate the drug-likeness and ADMET properties of the compounds under investigation
(Ridal et al., 2026).

2.2 Selection of molecules

A series of 1, 9- diheteroarylnona-1, 3, 6, 8- tetraen- 5 - one derivatives were gotten from the work
of Zhang and colleagues (Zhang et al., 2016) for the purpose of this study. All compounds were
evaluated against the LNCaP prostate cancer cell line.

2.3 Transformation of 2D to 3D and geometry optimization

The 2D structures of 1, 9- diheteroarylnona-1, 3, 6, 8- tetraen- 5 - one derivative were initially drawn
using ChemDraw v12.1, after which they were converted into 3D models for geometry optimization.
This was achieved through Density Functional Theory (DFT) quantum mechanical calculations using
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Spartan 14 v1.1.0 software (Al Hamzi et al., 2012; Al Hamzi et al., 2012;). The B3LYP functional and
the 6-31G* basis set were applied to determine the most stable conformations of the molecules. The
optimized structures were subsequently saved in PDB format in a dedicated file (El Aoufir et al., 2016;
Yunusa et al., 2021; Abdulrahman & Ibrahim 2024; Kadda ez al., 2025; Kubo A.I et al., 2026).

2.4 Model development

For internal validation, the predictive models were assessed using several statistical metrics in DTC
Lab software (https://teqip.jdvu.ac.in/QSAR Tools/): the coefficient of determination (R?), the
adjusted coefficient of determination (R?adj), the standard error of estimation (SEE), leave one out Q?
(LOO) and the mean absolute error (MAE). While these metrics are necessary, they are not sufficient
on their own to confirm model robustness. Therefore, additional validation was conducted using the
Variance Inflation Factor (VIF), which quantifies the level of multicollinearity among the descriptors
in the regression model. The VIF is calculated as follows:

1
(1-R?)

VIF = (1)
R? is the correlation coefficient, the higher the value, the lager the link between the model parameters.
The VIF values below 10 shows the equation is stable while the values above 10 signify the equation
is not efficient and cannot be employed (Myers 1990). The contribution of each descriptor in the
selected model was assessed using the mean effect (M/E) value of each descriptor. This mean effect
reflects how each descriptor influences the resulting equation. The sign of each model parameter
indicates whether the descriptor contributes positively or negatively to the overall equation (Minovski
et al., 2013). This relationship is expressed as follows:
_ _B3iDj

Mean Ef fect = m (2)
Where m equals the model parameters, §j equals to descriptors coefficient j, n equals to the prediction
set molecules and Dj is the matrix value of the model parameter in the prediction set.

To externally validate the developed model, a test set was used, by evaluating the value of Concordance
Correlation Coefficient (CCC) in the DTC Lab software. For the model to be considered reliable, the
(CCC) value should exceed 0.8. This is expressed as:

2 SPEXT(vi- ) (vi- YD)
INEXT (yi- ¥)2 + PEXT (vi-¥i)2+ nEXT (Yi- Yi)2

CCC = 3)
Yi is the experimental value, ¥ is the average of experimental value, Y1 is the predicted value of activity

and Y1 is average of the predicted value of the activity. EXT is the external prediction set or test set
(Chirico & Gramatica 2011).

2.5  Protein download and preparation

The crystal structure of the target protein was retrieved from the Protein Data Bank (PDB ID: 4r0l)
via the RCSB website (https://www.rcsb.org/) (LV. H et al., 2015). The structure was then imported
into the Discovery Studio Software workspace for preparation, where any structural errors in the amino
acid residues were corrected.

2.6  Molecular docking process
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The PyRx docking software was employed to perform ligand- protein docking in this study. Before
initiating the docking process, the prepared protein structure was imported into the PyRx workspace.
Similarly, the optimized ligands were imported into the software, and docking simulations were
conducted. The docking scores and binding affinities were analyzed to identify the most stable ligand—
receptor complexes (Alshahateet, et al, 2024; Merzouki, et al., 2024). Various intermolecular
interactions, including hydrogen bonding, and hydrophobic interactions were visualized using
Discovery Studio software. The target protein receptor is believed to influence the efficacy and potency
of the proposed compounds as potential anticancer agents (Kubo Al et al., 2024).

2.7  ADMET and drug-likeness properties

Accessible online web servers such as swissADME and ADMET lab 2.0 were utilized to assess the
drug-likeness and ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) profiles
of the investigated compounds in this study (Abbaoui, et al., 2024). These tools assist researchers in
identifying viable drug candidates, reducing the need for extensive experimental procedures, and
improving the overall success rate of drug development. They provide valuable insights into
pharmacokinetic and physicochemical parameters such as solubility, permeability, and metabolic
stability. In this study, Lipinski’s Rule of Five was applied as the initial screening criterion for drug-
likeness, followed by the evaluation of key ADMET properties that reflect the pharmacokinetic
behavior of the candidate molecules.

3. Results and Discussion
3.1  QOSAR Results

This study focuses on developing a quantitative structure- activity relationship (QSAR) model to
predict the biological activities of 1, 9- diheteroarylnona-1, 3, 6, 8-tetraen-5- one derivatives as
potential inhibitors of LNCap prostate cancer cell line. Molecular docking study was carried out as
well as evaluation of the compounds drug- likeness and ADMET properties. The Kennard- Stone
algorithm was employed to divide the dataset into training (model building) and test (validation) sets,
facilitating an accurate assessment of model performance. Using the Genetic Function Algorithm
(GFA), a model was generated, and was identified as robust based on its statistical metrics:

R?=0.9783, R? (Adjusted) = 0.9674, Standard Error of Estimation (SEE) = 0.0632, Q*> (LOO) =
0.9467, Mean Absolute Error (MAE) = 0.0623, CCC = 0.8682

pICso = 15.0388, (*MATSS51) +1.5311, (*Plv) +20.5971, (*RDF120u) +0.0726, (*AATS5m)
+0.0058, (*MATS71) +6.9432. 4)

The model contains 2D atoms pairs at various topological distances: (AATS5m) defined as
Average Broto- Moreau autocorrelation- lag 5/ weighted by mass which is used in the model to measure
the distribution of atomic properties on the molecule topology. (MATSS5i) defined as Moran
autocorrelation- lag 5/ weighted by first ionization potential. (MATS7i) defined as Moran
autocorrelation- lag 7 weighted by first ionization potential which is used in the model to measure
spatial distribution of environmental properties. These descriptors especially those related to ionization
potential highlight the relevance of hydrogen bonding between atom pairs separated by five and seven
bonds (lags 5 and 7) in influencing the biological activity of the 1, 9-diheteroarylnona-1, 3, 6, 8- tetraen-
5- one derivatives against the prostate cancer LNCap cell line.
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The model also contain 3D atom type (P1v) defined as 1% component shape directional WHIM
index/ weighted by relative van der waals volume. This is geometrical descriptor based on statistical
indexes calculated on the projection of the atoms along principal axes. (RADF120u) is defined as
Radial distribution function- 120/ unweighted. The molecular descriptors AATS5m, MATSSi,
MATS7i, P1v and RADF120u plays a crucial role in the development of the model and exhibit a strong
positive influence on the activity of 1, 9 -diheteroarylnona-1, 3, 6, 8-tetraen-5- one derivatives. These
findings indicate that the descriptors used in constructing the model are relevant and effective. Table 1
presents the observed and predicted pICso values, residuals, and docking scores for the compounds
under study. Table 2 displayed definitions and classifications of the descriptors used in Model 1. To
further evaluate the impact and inter-correlation of the descriptors, additional statistical analysis was
conducted, and the results are shown in Table 3.

The Y-randomization test results (Table 4) confirm the models robustness, showing low values for
R? and Q?- Loo, which suggest the absence of chance correlation. Figure 1 displays a scatter plot of
standardized residuals versus observed activities, highlighting the models predictive strength. Figure 2
illustrates a scatter plot comparing experimental biological activity with predicted values, with a
distribution for substances on both sides of zero. This suggests that no systematic error is present in
the developed model. Therefore, the model is considered accurate, reliable, and robust.

Table 1. Observed, Predicted, Residual and Docking score of model 1

S/No Observed pICso Predicted pICso Residuals Docking Score (Kcal/mol)
*1. 5.1643 4.9142 -0.2500 -6.5
2. 5.0963 5.1210 0.0246 -7.0

3. 5.0920 4.9632 -0.1287 -6.5

4. 5.5883 5.5736 -0.0147 -7.3

5 52118 5.2535 0.0417 -6.5
6. 5.3477 5.3051 -0.0426 -6.6

7. 5.6143 5.6066 -0.0077 -54
*8. 5.2502 5.1094 -0.1408 -6.4
*9. 4.7562 5.5362 0.7799 -7.4
10. 5.2182 5.2036 -0.0146 7.7
11. 5.3062 5.4077 0.1015 -7.5
12. 5.2298 5.2661 0.0363 -8.3
13. 5.7878 5.7513 -0.0364 -7.2
14. 5.6635 5.6768 0.0133 -7.1
15. 4.8658 4.9039 0.0381 -9.1
16. 4.7652 4.8004 0.0352 -6.4
*17. 6.0087 4.8269 -1.1818 -8.7
18. 6.0132 6.0334 0.0201 -9.4
19. 5.8268 5.8045 -0.0222 -7.8
*20. 5.4377 5.1005 -0.3371 -7.8
*21. 5.5228 5.6420 0.1191 -9.2
22. 5.3655 5.3216 -0.0438 -8.0
23. 5.2162 5.3076 0.0914 -7.0
24. 5.1820 5.5632 0.3812 -7.5
25. 4.5652 4.8004 0.2352 -8.2

*Denote test set
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Table 2. Definition of descriptors and their class for model

Name Definition Class
MATSS5i Moran Autocorrelation- lag 5/ weighted by first ionization 2D
potential
Plv 1% component shape directional WHIM index/ weighted by 3D
relative Van der waals volume
RDF120u Radial distribution function- 120/ unweighted 3D
AATSS5m Average Broto- Moreau autocorrelation- lag 5/ weighted by 2D
mass
MATS7i Moran autocorrelation- lag 7/ weighted by first ionization 2D
potential
Table 3. Statistical analysis of model 1 parameters
MATS5i Ply RDFI120u  AATSSm  MATS7i VIF M/E
MATSS5i 1 0.2016 -0.5672 0.1309 -0.1227 1.5157 -0.0011
Plv 0.2016 1 -0.2921 -0.4898 -0.2738 1.9949 0.0159
RDF120u -0.5672 -0.2921 1 -0.0759 0.1341 1.5866 0.1114
AATS5m  0.1309 -0.4898 -0.0759 1 -0.2569 1.8525 0.8737
MATS7i  -0.1227 -0.2738 0.1341 -0.2569 1 1.3905 1.3446
Table 4. Y- Randomization Test
MODEL TYPE R? Q2-LOO
ORIGINAL 0.9783 0.9467
Random 1 0.3901 -0.3814
Random 2 0.3448 -0.7087
Random 3 0.1296 -1.1562
Random 4 0.3496 -0.8033
Random 5 0.0865 -1.46
Random 6 0.2873 -0.8220
Random 7 0.2383 -1.0826
Random 8 0.4442 -0.5726
Random 9 0.3949 -0.4840
Random 10 0.1516 -1.2875
Summary
R? (Original Model) 0.9783
Q%*-LOO (Original Model) 0.9467
Average R? (10 Random Models) 0.2817
Average Q>-LOO (10 Random Models) -0.8758
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Figure 1: Scatter plot of standardized residual versus the Investigational activities
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Residuals

s o8] B %o

Y observed (response)

M Training M Test

Figure 2: Scatter plots of biological activities against calculated activities

3.2 Docking Result
Molecular docking simulations were carried out on a series of 1, 9- diheteroarylnona-1, 3, 6, 8

-tetraen-5- one derivatives against the binding site of the protein receptor (PDB ID: 4r0l). PyRx
docking software was utilized for this purpose, as it is known to deliver more accurate and reliable
results compared to other docking software. Compounds 18, 21, and 15 emerged as promising hit
candidates based on their superior docking scores, ranging from (-9.1 to -9.4 kcal/mol) respectively.
The docking scores for all the compounds are displayed in Table 1. Detailed interaction profiles
between the potential hit compounds and the 4r0l protein receptor, including hydrogen bonding and
Pi- related interactions with various amino acid residues, are provided in Table 5. In case of hydrogen

bonding, the distances are also specified.
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Compound 18 has the highest docking score (-9.4 kcal/mol) formed two conventional hydrogen
bonds with SER214 at a distance of (5.12 A) and TRP141 at a distance of (5.88 A). Additionally, it
engaged in a Pi- sigma interaction with HIS40 at a distance of (4.60 A). It also exhibited two amide-
Pi stacking interactions with CYS191 at a distance of (6.32 A), (5.16 A) and two with TRP215 at a
distance of (7.14 A) and (6.50 A) respectively. Both 3D and 2D visual representations of compound
18 bonds to the receptor are shown in Figure 3.

Compound 21 with a docking score of (-9.2 kcal/mol) formed two conventional hydrogen bonds
with TRP141 at a distance of (5.61 A) and SER214 at a distance of (5.24 A). A Pi- sigma interaction
was also observed with GLY151 at a distance of (3.83 A). Moreover, the compound exhibited two
amide- Pi stacking interactions with TRP215 at a distance of (6.54 A) and CYS191 at a distance of
(5.07 A) and (6.32 A), along with a Pi- alkyl interaction involving CYS220 at a distance of (6.77 A)
respectively. The 3D and 2D binding conformations of compound 21 are displayed in Figure 4.

58
ATRP:1AL

Interactions

- Conventional Hydrogen Bond :l Amide-Pi Stacked

- Pi-Sigma I:l Pi-Alkyl

Figure 3: 3D and 2D representations of the compound18 in the active site of the 4r01 receptor

Inte s
- Conventional Hydrogen Bond :' Amide-Pi Stacked
I Pi-sigma [ Pi-akyl

Figure 4: 3D and 2D representations of the compound 21 in the active site of the 4r0l receptor

Compound 15 with binding score of (-9.1 kcal/mol) interacted with the 4r0l receptor through
Pi- Pi T-shaped interactions with TRP215 at a distance of (6.74 A) and CYS191 at a distance of (5.06
A). Additionally, it formed an amide- Pi stacked interaction with HIS34 at a distance of (7.30 A) and
Pi- alkyl interactions with CYS220 at a distance of (7.65 A) and HIS40 at a distance of (4.46 A). 3D
and 2D interaction visualizations of compound 15 within the active site of the receptor is shown in
Figure 5.
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Figure 5: 3D and 2D representations of the compound 15 in the active site of the 4r0l receptor

Table 5: The results of interactions of the potential hit compounds and 4rol protein receptor

S/No. H-Bond Hydrophobic interaction
Amino acids Length A

18 SER214 5.12 SER214, TRP141, HIS40, CYS191, TRP215
TRP141 5.88

21 SER214 5.24 GLY151, TRP215, CYS191, CYS220
TRP141 5.61

15 TRP215, CYS191, HIS34, HIS40, CYS220

3.3 Drug- likeness and ADMET Results

To confirm the potential of the identified hit compounds as viable drug candidates, their
ADMET profiles and drug-likeness properties were thoroughly evaluated (Merzouki, ef al., 2024). The
online platform swissADME was employed to assess drug-likeness, while ADMET lab 2.0 was utilized
to predict ADMET properties of the selected compounds (Daina et al., 2017). A key criterion in early
phase drug discovery is the evaluation of drug- likeness, which involves correlating molecules
physicochemical characteristics with its biopharmaceutical behavior in the human body, particularly
its oral bioavailability (Birketon et al., 2012). The most widely recognized framework for this analysis
is Lipinski’s Rule of Five, which proposes that a compound is likely to be well absorbed or permeable
if it satisfies the following conditions: molecular weight < 500, hydrogen bond donors (HBD) < 5,
hydrogen bond acceptors (HBA) < 10. A compound is generally considered drug like if it does not
violate more than two of these rules (Christopher et al, 1997). The drug- likeness analysis results,
displayed in Table 6, reveal that all selected hit compounds are well absorbed, permeable, and
demonstrate favorable drug- likeness profiles. Additionally, bioavailability scores were calculated,
with all compounds achieving a value of 0.55, indicating a strong likelihood of optimal permeability
and bioavailability and further confirming compliance with Lipinski’s rules (Martin YC 2005).

The compounds were also assessed for synthetic accessibility, which estimates how easily a
compound can be synthesized, based on a scale that ranges from 1 (very easy to synthesize) to 10 (very
difficult). The selected compounds scored between 3.59 and 4.05 (Table 6), suggesting they are
relatively easy to synthesize. Further ADMET profiling was conducted to examine metabolic stability
and other pharmacokinetic properties (Table 7). The results indicate that the hit compounds exhibit
favorable ADMET characteristics. They function both as substrates and inhibitors of cytochrome P450
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enzymes, which are crucial for drug metabolism, and are predicted to be efficiently eliminated from
the body, supporting their potential as drug candidates.

Table 6: Results of the drug-likeness properties of the potential hit compounds

S/No MW HBA HBD Synthetic Bioavailability =~ Lipinski  Drug- likeness
Accessibility Score  Violation

18  422.52 3 0 3.59 0.55 0 YES

21  478.63 3 0 4.05 0.55 0 YES

15 416.51 3 0 4.01 0.55 0 YES

Table 7: Selected ADMET properties of the inhibiting compounds

Properties Compound 18 Compound 21 Compound 15
Absorption
PgP- Inhibitor low probability low probability low probability
PgP- Subtrate low probability low probability low probability
Human Intestinal ~ 07% probability 08% probability 05% probability
absorption
Distribution
BBB penetration Low Low Low
Metabolism
CYPI1A2 inhibitor Moderate Moderate High
CYP1A2 subtrate High Low Low
CYP2C19 inhibitor Moderate High High
CYP2C19 subtrate Low Low Moderate
CYP2C9 inhibitor Moderate High High
CYP2C9 subtrate High High High
CYP2D6 inhibitor High High High
CYP2D6 subtrate High High High
CYP3A4 inhibitor High High High
CYP3A4 subtrate Moderate High Low
Excretion
Clearance 3.88 4.434 2.035
(ML/Min/Kg)
T/ Short Short Short
Toxicity
AMES toxicity =~ Low probability Low probability Low probability
Skin sensitization =~ Low probability Low probability Low probability
Carcinogenicity =~ Low probability Low probability Low probability
Eye irritation ~ Low probability Low probability Low probability
Respiratory toxicity ~ Low probability Low probability Low probability
Conclusion

Molecular docking was conducted on a series of 1, 9- diheteroarylnona-1, 3, 6, 8- tetraen-5-
one derivatives to evaluate their potential as inhibitors of the 4r01 receptor using PyRx software. Three
compounds demonstrated better docking scores and were selected as potential hit candidates for further
investigation. Subsequently, these hit compounds were evaluated for their drug-likeness and
pharmacokinetic properties through ADMET and drug-likeness analyses. A bioavailability score of
0.55 indicated that the compounds are likely to be orally bioavailable, while their synthetic accessibility
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scores, ranging from 3.59 to 4.05, suggest they are relatively easy to synthesize. Moreover, ADMET
analysis showed favorable pharmacokinetic behavior. The compounds were predicted to act as both
substrates and inhibitors of cytochrome P450 enzymes, which are vital in drug metabolism, and were
also found to be readily eliminated from the body, supporting their potential as promising drug
candidates.
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