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ABSTRACT  
Fungal infections are a growing public health concern, particularly those caused by C. albicans, which has been 
classified by the WHO as a critical-priority pathogen. The limited treatment options and increasing fluconazole 
resistance highlight the need for novel antifungal agents. This study employed a machine learning-guided QSAR 
workflow as the main strategy to identify fluconazole analogs and FDA-approved drugs with potential activity 
against C. albicans, with molecular docking, molecular dynamics, and ADMET analyses used as complementary 
post-screening tools. Regression-based ML models (Extra Trees, Gradient Boosting, and Random Forest) were 
trained on curated ChEMBL bioactivity data to predict antifungal potency and prioritize candidates, with no 
significant performance differences among the models (Friedman test, p = 0.061). ML-driven virtual screening 
identified ZINC000299869730 as the top candidate. Docking against exo-(1,3)-glucanase (PDB ID: 1EQP) 
predicted a higher in silico binding affinity (–10.27 kcal/mol) than fluconazole (–8.87 kcal/mol), suggesting a 
potentially stronger interaction. Additional docking against CYP51 indicated a possible multitarget profile. 
Molecular dynamics simulations over 200 ns indicated intermediate complex stability with moderate local 
flexibility, whereas ADMET predictions suggested a pharmacokinetic and safety profile comparable to that of 
fluconazole. Overall, this study highlights the central role of QSAR/ML models in candidate prioritization and 
demonstrates how molecular docking and molecular dynamics complement ML predictions, positioning 
ZINC000299869730 as a computationally prioritized antifungal lead and supporting ML-guided pipelines for 
antifungal lead identification. 
Keywords: Candida albicans, machine learning, QSAR, molecular docking, molecular dynamics, ADMET. 
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1 INTRODUCTION  
Fungal infections pose a growing threat to global public health, notably those caused by Candida albicans, 
classified by the World Health Organization (WHO) as a critical-priority fungal pathogen, alongside Cryptococcus 
neoformans, Candida auris, and Aspergillus fumigatus [1]. These infections affect over 6.5 million people 
annually, resulting in approximately 3.7 million deaths per year [1,2]. 
Among fungal infections, invasive candidiasis holds a prominent position, with over 1.5 million annual cases and 
mortality rates reaching 50%–60% in immunocompromised patients [3]. Candidemia, the main manifestation of 
invasive candidiasis, is predominant in hospital settings and accounts for over 85% of all fungemia cases in Europe 
and the United States [3]. Furthermore, vulvovaginal candidiasis (VVC) affects up to 75% of women at some point 
in their lives, and up to 10% may experience recurrent episodes (RVVC), highlighting its high prevalence and 
clinical impact [3,4]. 
The current antifungal therapeutic arsenal is limited in terms of the number of available classes and efficacy against 
increasing resistance rates. Fluconazole, an azole widely used in the treatment of candidiasis, especially in 
uncomplicated forms and as "step-down" therapy for invasive candidiasis, has shown increasing resistance rates, 
particularly in C. auris (>90%), C. tropicalis (1–20%), and C. albicans [5–7]. Studies have demonstrated that 
approximately 23% of C. albicans clinical isolates obtained from vaginal cultures exhibit fluconazole resistance, 
with an upward trend in recent years [5]. 
Given this scenario, the need for novel antifungal agents is evident. The identification and prioritization of potential 
candidates is a strategic and multifaceted process that traditionally involves screening large chemical libraries, 
biological evaluation, and structural optimization of lead compounds. However, these approaches are often costly, 
time-consuming, and have low success rates [8]. 
In this context, the integration of Artificial Intelligence (AI)-based tools has revolutionized pharmaceutical 
research by enabling the efficient analysis of large data volumes and the identification of complex structural 
patterns undetectable by conventional methods [9]. Machine Learning (ML) approaches are being widely 
employed to predict bioactivity properties, structure-activity relationships, and toxicity, optimizing the selection 
and prioritization of candidate compounds with greater speed and accuracy [10,11]. 
Building on this paradigm, the present study employed an ML-guided Quantitative Structure–Activity 
Relationship (QSAR) workflow as the central strategy to identify structural analogs of fluconazole and FDA-
approved drugs with potential antifungal activity against C. albicans. Molecular docking, molecular dynamics 
(MD) simulations, and Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) analyses were 
used as complementary tools for post-screening evaluation. 
 

2 MATERIALS AND METHODS 

2.1 STUDY FLOWCHART  
The present study followed the workflow illustrated in Figure 1, in which the compound selection was primarily 
guided by chemometric analysis using ML models. The steps were as follows: (i) collection of bioactivity data 
against Candida albicans from the ChEMBL database; (ii) data pre-processing, including cleaning, 
standardization, and normalization; (iii) generation of molecular descriptors using Morgan fingerprints; (iv) 
exploratory dimensionality reduction using Principal Component Analysis (PCA); (v) feature selection to identify 
the most relevant descriptors; (vi) benchmarking of 42 regression algorithms using the Lazy Predict framework; 
(vii) selection of the three best-performing models based on predictive performance; (viii) hyperparameter 
optimization and cross-validation of the selected models; (ix) virtual screening of compounds from the ZINC-22 
database and FDA-approved drugs to validate the models and explore drug repositioning opportunities; (x) 
statistical analysis of screened compounds based on predicted pIC₅₀ values and consensus evaluation across the 
ML models, defining the primary candidates; (xi) structural similarity analysis between the screened ZINC-22 
compounds and fluconazole; (xii) molecular docking simulations against the target enzyme using fluconazole as a 
reference; (xiii) MD simulations of the best-ranked protein–ligand complexes; and (xiv) in silico evaluation of 
ADMET properties of the selected candidates [12].    
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Figure 1. Flowchart detailing the integrated computational approach used for data collection and cleaning, training 
and validation of ML models, molecular docking, and MD simulations. The workflow aims to predict new drug 
candidates from ZINC-22 (Fluconazole analogs) and identify repurposed FDA-approved drugs effective against 
C. albicans. 
 

2.2 DESCRIPTION OF THE CHEMBL DATABASE  
The data used in this study for the development of ML models aimed at predicting the bioactivity of compounds 
against C. albicans were obtained from the ChEMBL database [13]. ChEMBL is a resource provided by the 
European Bioinformatics Institute that contains detailed bioactivity information on more than 2.5 million 
compounds with pharmacological properties [13]. This database integrates chemical and bioactivity information, 
facilitating drug discovery [14]. 
2.2.1 Description of the Dataset Used  
The dataset employed in this study comprised 81,714 bioactivity records corresponding to 40,790 compounds 
associated with the target CHEMBL366 [15]. The retrieved data included multiple bioactivity endpoints, such as 
half-maximal effective concentration (EC₅₀), minimum inhibitory concentration (MIC), inhibition constant (Kᵢ), 
activity and inhibition percentages, and half-maximal inhibitory concentration (IC₅₀). For model development, 
only IC₅₀ measurements were retained, given their widespread adoption in QSAR studies and direct representation 
of compound potency [16]. IC₅₀ values (expressed in molar units) were converted to pIC₅₀ using a logarithmic 
transformation (pIC₅₀ = −log₁₀ IC₅₀), which enabled a more suitable scale for comparative analyses [16]. Data 
curation and preprocessing involved the selection of functional (F-type) assays, accounting for > 95% of the 
records [17]. Additional steps included replacing infinite values with null entries, removing records containing 
missing values (NaN), and excluding compounds lacking valid bioactivity measurements or structural 
representations [18]. 
 

2.3 CALCULATION OF MORGAN FINGERPRINT DESCRIPTORS 

The molecular fingerprint descriptors were calculated using the RDKit library by generating Morgan descriptors 
of the extended connectivity fingerprint type, radius 2 (ECFP4), with 2048-bit binary vectors [19]. Before 
descriptor generation, the molecular structures were standardized by removing salts, normalizing functional 
groups, neutralizing formal charges, and canonicalizing tautomers, followed by final molecule sanitization [20]. 
To reduce the bias and complexity of the ML models developed, a variance filter (variance < 0.01) was applied to 
remove descriptors with low variability from the dataset [21]. 
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2.4 DEVELOPMENT OF MACHINE LEARNING MODELS 

The data were normalized using the StandardScaler and subjected to PCA exclusively for exploratory analysis and 
preliminary benchmarking using the LazyPredict framework. PCA was applied to investigate descriptor 
redundancy and support the comparative evaluation of regression algorithms, facilitating the identification of the 
three best-performing models (Supplementary Figure S01) [22,23]. The PCA-transformed features were not used 
in the final model training or optimization stages; all predictive models were developed using the original 
molecular representations, namely binary Morgan fingerprints. The dataset was divided into training (70%) and 
testing (30%) subsets for the models. We employed LazyPredict as an automated screening tool to benchmark 42 
regression algorithms and select the top three models based on coefficient of determination (R²) (Supplementary 
Figure S02) [24]. Based on this screening, extra trees, gradient boosting, and random forest regressors were 
selected for the analysis. Morgan fingerprint descriptors were used as input variables, and pIC₅₀ values served as 
the response variable [25]. The model performance was evaluated using multiple metrics, including the R², mean 
squared error (MSE), root mean squared error (RMSE), and mean absolute error (MAE) [26]. 
Hyperparameter optimization was performed using the Optuna framework with 100 guided search iterations based 
on the Tree-structured Parzen Estimator algorithm [27]. Hyperparameter configurations were assessed via 10-fold 
cross-validation, and the mean R² across the folds was used as the optimization criterion. The optimal parameter 
set was subsequently used to train the final models [28]. 
To compare the performance of the ML models, 10-fold cross-validation was performed using RMSE as the 
performance metric. Global differences between the models were assessed using the non-parametric Friedman test, 
followed by the Nemenyi post-hoc test for pairwise comparisons between models [29]. 
 

2.5 EXTERNAL VIRTUAL SCREENING 

2.5.1 SMILES Standardization 

Before generating molecular descriptors for external screening, SMILES were standardized using a systematic 
RDKit-based protocol. Invalid compounds were filtered using the following criteria: absence of carbon atoms, 
presence of metals or non-allowed elements (except C, H, N, O, P, S, F, Cl, Br, I), molecular weight above 1500 
Da, and presence of more than five carbon-containing fragments, indicating potential mixtures. Valid compounds 
then underwent an iterative standardization procedure, including conversion to InChI and back to SMILES, 
sanitization, removal of disconnected fragments (keeping the largest), charge neutralization, removal of isotopes, 
stereochemistry, charge states, and tautomer standardization. The process was repeated for up to five cycles or 
until the SMILES were stable. When multiple standardized forms were produced, the most recurrent one was 
selected. The final SMILES generated through this process were used to compute molecular descriptors [20]. 
 

2.5.2 Virtual Screening 

Virtual screening was performed using compounds from the ZINC-22 database, which contains more than 37 
billion molecules and is widely used in drug discovery. Initially, fluconazole was used as a query, and a broad 
search strategy identified 5,789 structurally similar compounds [30]. Additionally, 1,683 FDA-approved drugs 
were evaluated to explore the structural and mechanistic plausibility of the compounds prioritized by ML models 
against C. albicans. Similarity analysis was performed using the Daylight similarity method from ZINC-22, and 
compounds were considered similar to fluconazole when the structural similarity was greater than or equal to 75% 
[31]. 
 

2.6 MOLECULAR DOCKING 

Molecular docking was performed using PyRx 0.8 [32] and AutoDock Vina 1.2.7 [33] for cross-validation of the 
results. The top three ligands from rigid docking, along with fluconazole, were further evaluated using flexible 
docking, allowing the flexibility of residues interacting with the reference ligand. All simulations were conducted 
using an exhaustiveness value of 100. Ligands were retrieved from the ZINC20 database in the SDF format [34]. 
To investigate the potential multi-target activity against Candida albicans, six proteins related to fungal growth 
and cell wall metabolism were screened and identified using their Protein Data Bank (PDB) codes (1EQP, 4QUV, 
5TZ1, 5UIV, 4LEB, and 2Y7L) [35]. The canonical antifungal target CYP51 (sterol 14α-demethylase, PDB ID: 
5TZ1) was included as a reference target because of its key role in ergosterol biosynthesis [36]. Docking against 
CYP51 showed that the prioritized ligands displayed higher predicted binding affinities than fluconazole 
(Supplementary Table S01). 
Blind docking identified 1EQP (exo-β-(1,3)-glucanase) as the protein with the lowest binding energy for the 
reference ligands, leading to its selection for detailed flexible docking and MD simulations. The 1EQP structure 
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was solved by X-ray diffraction at a resolution of 1.90 Å [37], and redocking was performed using the closely 
related structure 1EQC [38]. The docking grid was centered at x = 34.08, y = 31.91, z = 57.88, with dimensions of 
58.42 × 53.87 × 60.89 Å. 
 

2.6.1 Ligand Preparation 

Ligands were initially energy-minimized in PyRx 0.8 using the Universal Force Field (UFF) and the conjugate 
gradient optimization algorithm, with the following parameters: 200 minimization steps, update at every step, and 
automatic interruption if the energy difference fell below 0.1 kcal/mol. After minimization, the ligands were 
converted to PDB format, and the protonation states corresponding to pH 7.4 were computed using the Open Babel 
software [39]. Subsequently, all ligands were converted to PDBQT format [16]. 
 

2.6.2 Protein Preparation 

Protein preparation was performed using PDB2PQR (https://server.poissonboltzmann.org/pdb2pqr) [40]. Initially, 
all water molecules were removed from the structure, which was then processed to calculate the protonation states 
at pH 7.4, using the AMBER force field. Additional steps included ensuring that newly added atoms were not 
reconstructed too close to the existing atoms, optimizing the hydrogen-bonding network, and generating an input 
file for the Adaptive Poisson–Boltzmann Solver (APBS). Subsequently, the Kollman charges were assigned to the 
protein using AutoDockTools v1.5.7, and the final file was converted to the PDBQT format [41]. 
 

2.7 MOLECULAR DYNAMIC SIMULATIONS 

The MD simulations were performed to evaluate the structural stability and dynamic behavior of the protein–
ligand complexes obtained through molecular docking. Simulations were conducted using GROMACS version 
2020.4 [42] and CHARMM36 force field [43,44]. 
Each complex was solvated in a triclinic box using the TIP3P water model [45]. System neutralization and ionic 
strength adjustment were achieved by adding Na+ and Cl− ions, respectively. Energy minimization was performed 
prior to equilibration to remove any unfavorable contact. The systems were equilibrated under the NVT and NPT 
ensembles, maintaining the temperature at 310 K using the V-rescale thermostat [46] and the pressure at 1 bar 
using the appropriate pressure-coupling method [47]. Following equilibration, production MD simulations of 200 
ns were performed using the Leap-Frog integrator [48,49]. 
Trajectory analyses were performed to assess the stability and flexibility of the systems. The Root Mean Square 
Deviation (RMSD) was calculated to monitor the structural stability of the complexes over time. The RMSD was 
calculated based on atomic coordinates extracted from the MD trajectories, according to Equation (1) [50]. 
 𝑅𝑀ܵܦ = √1௡∑ ௜1ݔ) − ௜2)2ே௜=1ݔ + ௜1ݕ) − ௜2)2ݕ + ௜1ݖ) −  ௜2)2                                       (1)ݖ

 

2.8 ADMET PROPERTY ANALYSIS 

Following flexible molecular docking, the top-ranked compounds were subjected to in silico ADMET analysis 
using the online platform pkCSM, which predicts pharmacokinetic and toxicity properties of the compounds [51]. 
The evaluated parameters included absorption (water solubility, Caco-2 permeability, human intestinal absorption, 
skin permeability, and P-glycoprotein interactions), distribution (volume of distribution, fraction unbound, BBB 
and CNS permeability), metabolism (CYP450 substrates and inhibitors), excretion (total clearance), and toxicity 
(AMES mutagenicity, maximum tolerated dose, hERG inhibition, oral rat acute and chronic toxicity, 
hepatotoxicity, skin sensitization, and aquatic toxicity).  
 

3 RESULTS  
3.1 MACHINE LEARNING MODELS 

The ML models demonstrated consistent performance in predicting antifungal activity. The Random Forest model 
showed strong predictive ability, achieving R² = 0.96 in the training set and 0.89 in the test set, with low error 
values (MAE = 0.17 and RMSE = 0.23 in training; MAE = 0.26 and RMSE = 0.34 in testing). The Gradient 
Boosting Regressor also exhibited robust performance, obtaining R² = 0.92 in training and R² = 0.80 in testing, 
with average errors of MAE = 0.24 and RMSE = 0.32 in training, and MAE = 0.31 and RMSE = 0.43 in testing. 
The Extra Trees Regressor was the best-performing model, achieving R² = 0.97 in training and 0.90 in testing, 
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with the lowest error metrics (MAE = 0.14 and RMSE = 0.21 in training; MAE = 0.26 and RMSE = 0.38 in 
testing). The three regression models showed comparable predictive performances. The Friedman test indicated 
no statistically significant differences among the models (χ² = 5.60, p = 0.061). Pairwise comparisons using the 
Nemenyi post-hoc test also revealed no significant differences (Random forest vs. Extra Trees Regressor: p = 
0.896; Random forest vs. Gradient Boosting Regressor: p = 0.065; Extra Trees Regressor vs. Gradient Boosting 
Regressor: p = 0.173). Figure 2 illustrates the linear regression plots of the developed ML models. 
 

 

Figure 2. Relationship between the experimental pIC₅₀ values and the values predicted by the ML models: (A) 
Extra Trees Regressor, (B) Gradient Boosting Regressor, and (C) Random Forest Regressor. The lines represent 
the linear fit between the experimental and predicted values, with the confidence intervals shown in gray. The R² 
for the training and test sets are indicated in each plot. 
 

3.2 IDENTIFICATION OF FLUCONAZOLE ANALOGS AND REPURPOSING OF FDA-APPROVED 
DRUGS AGAINST C. ALBICANS 

Table 1 presents the compounds selected from the ZINC-22 database with potential antifungal bioactivity, 
including fluconazole. The primary selection of candidates was guided by chemometric analyses using ML models. 
A consensus approach among Random Forest, Extra Trees, and Gradient Boosting models was applied, prioritizing 
compounds with a predicted pIC₅₀ greater than 6.0, a coefficient of variation (CV%) below 2.0, and, for structural 
analogs, a similarity above 75% [16]. 

ZINC ID 
Extra 

Trees 

Gradient 
Boosting 

Random 
Forest Mean 

Standard 

deviation 

Coefficient 
of 

variation 
(%) 

Similarity 
with 

Fluconazole 

ZINC000000004009 6.20 6.15 6.20 6.18 0.02 0.35 1.00 

ZINC000040844994 6.06 6.16 6.12 6.11 0.04 0.68 0.94 

ZINC000040844993 6.06 6.16 6.12 6.11 0.04 0.68 0.94 

ZINC000504084521 6.14 6.13 6.12 6.13 0.01 0.18 0.92 

ZINC000504084519 6.14 6.13 6.12 6.13 0.01 0.18 0.92 

ZINC000038289837 6.14 6.28 6.16 6.19 0.06 0.98 0.90 

ZINC000038289836 6.14 6.28 6.16 6.19 0.06 0.98 0.90 

ZINC000196183247 6.16 6.30 6.15 6.20 0.07 1.06 0.80 

ZINC000196183259 6.16 6.30 6.15 6.20 0.07 1.06 0.80 

ZINC000034020906 5.96 6.07 6.01 6.01 0.04 0.72 0.77 

ZINC000034020907 5.96 6.07 6.01 6.01 0.04 0.72 0.77 

ZINC000103237407 6.05 6.01 6.19 6.08 0.07 1.23 0.77 

ZINC000103237409 6.05 6.01 6.19 6.08 0.07 1.23 0.77 

ZINC000141515017 6.00 6.23 6.00 6.08 0.11 1.73 0.77 

ZINC000141515219 6.00 6.23 6.00 6.08 0.11 1.73 0.77 

ZINC000009470585 6.14 5.95 6.11 6.06 0.08 1.36 0.76 
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ZINC000009470583 6.14 5.95 6.11 6.06 0.08 1.36 0.76 

ZINC000299869730 6.12 6.33 6.17 6.21 0.09 1.47 0.75 

ZINC000299869729 6.12 6.33 6.17 6.21 0.09 1.47 0.75 

Table 1. The table presents the predicted pIC50 values for each compound obtained from the Random Forest, 
ExtraTrees, and Gradient Boosting models, as well as the mean, standard deviation (SD), and CV% of the 
predictions, which reflect the consistency among the models. The column "Similarity with Fluconazole" indicates 
the structural similarity of each compound to fluconazole, which was used as an additional criterion for analog 
selection. Compounds with pIC50 greater than 6.0, CV% < 2.0, and similarity > 75% were considered  candidates 
prioritized for further computational for future analyses. 
 

Table 2 presents the FDA-approved drugs that were included as reference compounds in this study. Bioactivity 
predictions were generated using the Random Forest, ExtraTrees, and Gradient Boosting models, allowing the 
assessment of result consistency in comparison with established antifungal agents. 

Name 
Random 
Forest 

Gradient 
Boosting 

Extra 
Trees 

Mean 
Standard 

deviation 

Coefficient 
of 

variation 
(%) 

Miconazole 6.06 6.06 6.05 6.06 0.00 0.06 

CID 78318119 6.13 6.13 6.11 6.12 0.01 0.16 

Rezafungin 6.13 6.13 6.11 6.12 0.01 0.16 

Caspofungin 7.32 7.36 7.32 7.33 0.02 0.25 

Fluconazole 6.20 6.15 6.20 6.18 0.02 0.35 

Amphotericin B 6.51 6.45 6.54 6.50 0.04 0.63 

Ketoconazole 6.37 6.26 6.38 6.34 0.05 0.84 

Everolimus 6.01 6.06 5.93 6.00 0.05 0.86 

Sirolimus 6.21 6.09 6.21 6.17 0.05 0.88 

Flucytosine 6.27 6.12 6.27 6.22 0.07 1.12 

Cefotaxime 6.54 6.37 6.59 6.50 0.09 1.43 

Meropenem 6.28 6.00 6.23 6.17 0.12 1.95 

Table 2. The mean pIC50 values, SD, and CV were calculated from the predictions of the three models, providing 
a comparative evaluation of the predicted bioactivity of FDA-approved drugs. 
 

3.3 MOLECULAR DOCKING 

For protocol validation, the redocking of the co-crystallized ligand into the protein structure 1EQC was performed, 
resulting in an RMSD of 0.454 Å, which confirmed the reliability of the docking protocol [52]. The reference drug 
fluconazole established key interactions with essential active site residues, including GLU27, ASP145, ASN146, 
PHE144, PHE258, HIS135, and GLU192. 
The predicted binding energies of the screened compounds, calculated using rigid docking with AutoDock Vina 
1.2.7, are presented in Figure 3, and the consensus docking results from AutoDock Vina 1.2.7 and PyRx 0.8 are 
summarized in Table S2 of the Supplementary Material. 
Flexible docking further supports these observations. Fluconazole showed binding energies of –8.63 kcal/mol 
(rigid) and –8.87 kcal/mol (flexible), serving as a reference for comparative assessment. Notably, 
ZINC000299869730 exhibited stronger predicted binding affinities of –9.11 kcal/mol (rigid) and –10.27 kcal/mol 
(flexible), suggesting a potentially higher in silico affinity than that of fluconazole. Similarly, ZINC000299869729 
displayed binding energies of –9.40 kcal/mol (rigid) and –9.61 kcal/mol (flexible), reinforcing its potential as a 
candidate. 
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Figure 3. Results of the molecular docking study. (A) Redocking of the co-crystallized ligand in protein 1EQC, 
yielding an RMSD of 0.454 Å. (B) Interactions of the reference drug fluconazole with active site residues (GLU27, 
ASP145, ASN146, PHE144, PHE258, HIS135, and GLU192). (C) Binding energies (kcal/mol) obtained through 
rigid docking using AutoDock Vina 1.2.7, considering only the lowest energy pose for each ligand. 
 

3.4 MOLECULAR DYNAMIC SIMULATIONS 

Figure 4 presents the RMSD profiles obtained from the 200 ns MD simulations for all evaluated systems: the apo 
protein (black), fluconazole–protein complex (red), ZINC000299869729 complex (green), and 
ZINC000299869730 complex (blue). RMSD analysis was used to assess the structural stability and conformational 
behavior of the systems over time. 
The apo protein exhibited the most stable profile, with RMSD values ranging from 0.10 to 0.18 nm, rapidly 
equilibrating, and remaining close to its initial conformation throughout the simulation period. After approximately 
100 ns, the system exhibited reduced deviations and minimal conformational fluctuations, indicating a high degree 
of structural stability. The fluconazole–protein complex displayed similar behavior, with RMSD values between 
0.15 and 0.20 nm, suggesting that ligand binding did not induce significant structural changes. 
In contrast, the ZINC000299869729 complex initially showed stable behavior but exhibited increased deviations 
after approximately 150 ns, reaching RMSD values between 0.25 and 0.30 nm, indicating greater conformational 
variability. The ZINC000299869730 complex stabilized rapidly after approximately 60 ns, maintaining RMSD 
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values of approximately 0.20 nm during the final phase of the simulation, which is consistent with previously 
reported correlations between RMSD stabilization and system stability [53]. 

 

Figure 4. RMSD values for MD studies associated with the constructed systems 1eqp clean (Black), complex 
formed with fluconazole (Red), ZINC000299869729 (Green), and ZINC000299869730 (Blue). 
 

The hydrogen bond occupancy analysis is shown in figure 5, summarizing the interactions formed between the 
ligands and active site residues throughout the 200 ns simulations. Fluconazole exhibited predominantly low 
hydrogen bond occupancy values (approximately 5–20%), suggesting that its binding is largely stabilized by non-
polar interactions. In contrast, ZINC000299869729 formed a greater number of hydrogen bonds with higher 
occupancies, particularly involving residues Glu27, Glu292, and Leu304, which reached approximately 50%. 
ZINC000299869730 displayed fewer hydrogen bond interactions, with a maximum occupancy of approximately 
12.3%, and mainly involved the residue Tyr153. 
 

 

Figure 5. Hydrogen bonds between ligands are present in the interaction cavity with amino acid residues. 
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Notably, all three complexes exhibited recurrent interactions with residues Asn146 and Phe258, supporting the 
docking predictions that the ligands occupy similar regions within the binding sites. 
 

3.5 ADMET PROPERTIES 

The ADMET profiles of compounds ZINC000299869730 and ZINC000299869729 exhibited ADMET profiles 
comparable to those of fluconazole. Both compounds showed good predicted human intestinal absorption 
(≈81.6%), although they had lower aqueous solubility and Caco-2 permeability than the reference drug. 
Distribution analysis indicated a low volume of distribution, high plasma protein binding, and low permeability 
across the blood–brain barrier and central nervous system. 
Regarding metabolism, both candidates were predicted to be CYP3A4 substrates, with no relevant inhibitory 
effects on the major CYP450 isoforms, suggesting a lower risk of drug–drug interactions than that of fluconazole. 
The compounds also exhibited reduced total clearance. Toxicity predictions revealed a profile comparable to that 
of the reference drug, including predicted AMES mutagenicity and hepatotoxicity, absence of hERG-associated 
cardiotoxicity, and low skin-sensitization potential. The complete results are presented in Table 3. 

Category Property 
Fluconazol

e 

ZINC00029986973
0 

ZINC00029986972
9 

Unit / Type 

Absorption 

Water 
solubility 

−3.023 −3.982 −3.982 log mol/L 

Caco-2 
permeability 

0.387 −0.154 −0.154 

log Papp (10⁻⁶ 
cm/s) 

Human 
intestinal 

absorption 

85.48 81.59 81.59 % absorbed 

Skin 
permeability 

−3.296 −2.834 −2.834 log Kp 

P-
glycoprotein 

substrate 

Yes Yes Yes Yes / No 

P-
glycoprotein I 

inhibitor 
No No No Yes / No 

P-
glycoprotein 
II inhibitor 

No No No Yes / No 

Distributio
n 

Volume of 
distribution 

(human) 
−1.326 −1.634 −1.634 log L/kg 

Fraction 
unbound 
(human) 

0.373 0.291 0.291 — 

Blood-brain 
barrier 

permeability 

−1.075 −1.604 −1.604 log BB 

CNS 
permeability 

−3.405 −3.533 −3.533 log PS 

Metabolism 

CYP2D6 
substrate 

No No No Yes / No 

CYP3A4 
substrate 

No Yes Yes Yes / No 

CYP1A2 
inhibitor Yes No No Yes / No 

CYP2C19 
inhibitor No No No Yes / No 

CYP2C9 
inhibitor No No No Yes / No 

CYP2D6 
inhibitor No No No Yes / No 
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CYP3A4 
inhibitor No No No Yes / No 

Excretion 
Total 

clearance 

0.28 0.053 0.053 

log 
mL/min/kg 

Toxicity 

AMES 
toxicity 

Yes Yes Yes Yes / No 

Maximum 
tolerated dose 

(human) 
0.884 0.884 0.884 log mg/kg/day 

hERG I 
inhibitor No No No Yes / No 

hERG II 
inhibitor No No No Yes / No 

Oral rat acute 
toxicity 
(LD₅₀) 

2.451 2.391 2.391 mol/kg 

Oral rat 
chronic 
toxicity 

(LOAEL) 

1.455 1.758 1.758 

log 
mg/kg_bw/da

y 

Hepatotoxicit
y 

Yes Yes Yes Yes / No 

Skin 
sensitization 

No No No Yes / No 

Table 3. Predicted ADMET parameters (absorption, distribution, metabolism, excretion, and toxicity) of 
fluconazole and the selected compounds from flexible docking (ZINC000299869730 and ZINC000299869729). 
 

4 DISCUSSION  
Fungal infections caused by Candida albicans represent an increasing global health challenge, particularly due to 
the rising resistance to fluconazole, which significantly limits available therapeutic options [1]. In this context, the 
identification of novel antifungal agents has become a priority, and computational approaches such as QSAR 
modeling combined with ML have emerged as promising tools to accelerate the discovery of effective candidates. 
In the present study, a QSAR/ML-based workflow demonstrated high predictive performance, enabling the 
efficient identification and prioritization of compounds with potential antifungal activity. The use of Morgan 
fingerprints (ECFP4) as molecular descriptors, combined with variance filtering, contributed to reducing noise and 
dimensionality while preserving relevant structural features, thereby improving model performance. The 
consistency of predictions across different algorithms further supports the robustness of the approach and its ability 
to capture structural patterns associated with antifungal activity. 
Indirect validation of the models was observed through the coherent prediction of established antifungal agents, 
such as fluconazole, amphotericin B, and caspofungin, which exhibited high pIC₅₀ values and low variability across 
models [54]. However, the identification of non-antifungal compounds, including β-lactam antibiotics and 
immunosuppressants, highlights inherent limitations of QSAR/ML models, particularly the occurrence of false 
positives. This may be partially explained by the fact that such agents can indirectly enhance fungal virulence: β-
lactam antibiotics may promote fungal overgrowth through competitive disruption of the host microbiota, reducing 
bacterial competition [55], whereas immunosuppressants can weaken host immune defenses, thereby facilitating 
fungal proliferation and pathogenicity [56]. These findings emphasize the need for critical pharmacological 
interpretation and experimental validation, as high statistical performance does not necessarily guarantee 
biological relevance. 
Among the prioritized compounds, ZINC000299869730 emerged as the most promising candidate. Molecular 
docking studies against exo-β-(1,3)-glucanase revealed a higher binding affinity compared to fluconazole, 
suggesting an enhanced potential for target interaction. Detailed analysis of the active site showed that key catalytic 
residues, such as Glu192 and Glu292, play essential roles in the enzymatic mechanism, acting as acid/base and 
nucleophile, respectively. The residue Glu27 contributes to substrate recognition through hydrogen bonding, while 
aromatic residues such as Phe144 and Phe258 form an “aromatic gate” that guides and stabilizes the ligand within 
the catalytic site [37]. 
Functionally, exo-1,3-β-glucanase plays a critical role in fungal cell wall remodeling, participating in both 
hydrolysis and reorganization of β-glucans. Inhibition of this enzyme compromises cell wall structural integrity, 
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leading to reduced rigidity, increased susceptibility to environmental stress, and diminished capacity for hyphal 
and biofilm formation, factors directly associated with virulence and antifungal resistance [37]. 
While docking results provide an initial estimate of binding affinity, molecular dynamics simulations offer a more 
robust assessment of complex stability. The compound ZINC000299869730 exhibited consistent structural 
stability throughout the simulation, with localized fluctuations compatible with adaptive conformational 
adjustments, without compromising the overall protein integrity. In contrast, ZINC000299869729 displayed 
greater conformational flexibility, suggesting lower structural complementarity. These results indicate that the 
persistence of interactions over time is a more reliable indicator of inhibitory potential than docking scores alone. 
Additionally, docking studies against CYP51, a classical target of azole antifungals, revealed binding affinities 
higher than those of fluconazole for the selected compounds, suggesting a possible multitarget profile. Although 
molecular dynamics simulations were not performed for this target, the observed interactions indicate biological 
relevance and warrant further investigation. 
ADMET predictions indicated that the compounds exhibit overall favorable pharmacokinetic properties 
comparable to fluconazole. High intestinal absorption, combined with low central nervous system permeability, 
suggests suitability for systemic use with a reduced risk of central adverse effects. Furthermore, the lack of 
significant inhibition of major cytochrome P450 isoforms indicates a low potential for drug–drug interactions. 
However, predicted toxicity signals, particularly mutagenicity (AMES) and hepatotoxicity, represent important 
limitations. Positive AMES test predictions suggest potential genotoxicity, as outlined in the guidelines of the 
International Council for Harmonisation of Technical Requirements for Pharmaceuticals for Human Use (ICH 
S2(R1)), which recommend further in vitro and in vivo investigations to confirm mutagenic risk [57]. 
 

 

5 CONCLUSION  
ZINC000299869730 and ZINC000299869729 were identified as computationally prioritized fluconazole analogs, 
exhibiting higher predicted binding affinities for both exo-β-(1,3)-glucanase (PDB: 1EQP) and CYP51 (PDB: 
5TZ1), suggesting a potential multitarget binding profile. MD simulations indicated that ZINC000299869730 
combined global structural stability with localized fluctuations consistent with adaptive rearrangements at the 
active site, whereas ZINC000299869729 displayed greater conformational flexibility while maintaining the 
relevant binding interactions. Both compounds demonstrated favorable ADMET profiles, including good intestinal 
absorption, low risk of drug–drug interactions, limited blood–brain barrier permeability, and absence of predicted 
cardiotoxicity. 
Although these computational results suggest significant antifungal potential, the main limitation of this study is 
the absence of experimental validation, which is essential for confirming the predicted activity and safety. Future 
work will include MD simulations with the canonical target CYP51, chemical optimization of the identified 
compounds to further enhance their ADMET properties, laboratory synthesis, followed by in vitro antifungal 
testing, establishing a clear path to validate and advance these candidates. 
Overall, this study demonstrates the utility of an integrated ML–guided computational workflow to efficiently 
accelerate the screening and prioritization of antifungal candidates, providing a robust foundation for continued 
experimental studies and rational drug development. 
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