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Abstract  

The field of computational drug discovery employs Quantitative Structure-Activity Relationship (QSAR) methodologies to 

construct mathematical models that correlate molecular characteristics with biological effectiveness. These computational 

approaches enable researchers to understand how specific chemical features influence therapeutic outcomes, thereby 

facilitating rational drug development strategies. This investigation focused on constructing a predictive framework to 

estimate the antibacterial potency of 24 chemical entities against Staphylococcus aureus. The antimicrobial effectiveness was 

quantified through Minimum Inhibitory Concentration (MIC) measurements, while computational molecular parameters 

were utilized to establish the predictive framework. The entire QSAR analysis was conducted using ChemMaster 1.2 

computational platform. 
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Introduction 

Quantitative Structure-Activity Relationship (QSAR) modelling 

serves as a powerful computational tool for predicting biological 

activities and toxicological effects based on molecular structure. 

QSAR creates mathematical correlations linking molecular 

architecture to biological function, demonstrating utility in 

discovering novel inhibitors and enhancing lead compounds for 

various conditions. The integration of computational strategies 

with conventional medicinal chemistry enhances hit discovery, 

lead enhancement, and ADME/toxicity forecasting
1
. 

 

QSAR modelling involves three primary components: biological 

data, physico-chemical or structural descriptors, and statistical 

methodologies. Superior, well-characterized biological data 

serves as the foundation for dependable models, requiring 

suitable and mechanistically interpretable descriptors. The 

criticality of external validation has been emphasized, with 

studies showing that leave-one-out cross-validated R² (LOO q²) 

alone is insufficient for ensuring predictive capability. External 

validation utilizing independent test sets comprising at least five 

compounds spanning the activity and structural range is crucial 

for evaluating genuine predictive power
2,3

. 
 

For limited datasets, robust modelling strategies have been 

developed. Research on nitroimidazole sulfonamide analogues 

demonstrated the effectiveness of exhaustive double cross-

validation without dividing limited datasets into training and test 

sets. Genetic algorithm-multiple linear regression and partial 

least squares regression were utilized with consensus modelling 

to enhance reliability, showing that computational QSAR 

approaches can reliably predict novel compound activity when 

experimental data are limited
4
. 

Multiple studies have demonstrated QSAR's effectiveness in 

antimicrobial research. Isatin-derived Schiff base compounds 

showed superior antibacterial activity compared to standard 

antibiotics, with QSAR analysis identifying key molecular 

descriptors including lipophilicity and polar surface area 

correlating with antimicrobial activity
5
. Metal complexes, 

particularly sulfonylhydrazine and sulfonylhydrazone 

complexes of Ni(II), Pt(II), Pd(II), and Cu(II), demonstrated 

varying antimicrobial activities, with 2D-QSAR analysis 

determining nucleophilic reaction indices and HOMO-LUMO 

energy gaps as key determinants
6
. 

 

8-Hydroxyquinoline derivatives analysis revealed that chloro 

substituents at the 5-position enhance antibacterial efficacy, 

with less polarized lipophilic chloro groups contributing to 

superior antibacterial activity
7
. Curcumin derivatives studies 

using Kernel-based Partial Least Squares method identified β-

diketone moiety and 1,6-heptadiene as consistently enhancing 

antibacterial activity, while hydroxyl groups contributed 

positively and methoxy groups had unfavorable effects
8
. 

 

QSAR modelling has proven effective in catalyst design. Two-

dimensional QSAR modelling of 58 transition metal complexes 

for ethylene oligomerization demonstrated excellent predictive 

capability (R² = 0.913 for training set, R²t = 0.971 for test set), 

with effective net charge and maximum partial charge for 

nitrogen atoms identified as significant descriptors
9
. The 

approach successfully bridged computational predictions with 

experimental catalyst development. 

 

Environmental applications include disinfection byproduct 

research, where QSAR models effectively link chemical 
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activities with molecular structures for trend analysis and 

prediction
10

. Quantitative Ion Character-Activity Relationships 

(QICARs) successfully predicted metal toxicity using metal-

ligand binding characteristics, providing mechanistic 

foundations for predicting metal bioactivity based on ion 

characteristics
11

. 

 

Machine learning-driven QSAR models for engineered 

nanoparticle mixture toxicity using Support Vector Machine and 

Neural Network techniques demonstrated superior accuracy, 

with the best model achieving R² test = 0.911, offering 

improved methods for environmental toxicology and risk 

assessment
12

. 

 

Various synthetic applications have been explored, including 

cinnamic acid derivatives where QSAR investigation using 

multiple linear regressions successfully correlated 

physicochemical parameters with biological activity
13

. 

Diarylpyrimidineanalogs research combined computational 

modelling with laboratory synthesis, establishing clear 

structure-activity correlations for antimicrobial therapeutics
14

. 

 

N-nitroso-2,6-diarylpiperidin-4-one derivatives investigation 

employed semiempirical computational methods, identifying 

ionization potential, dipole moment, and COSMO surface area 

as significant predictive factors
15

. Diorganotin (IV) coordination 

complexes studies demonstrated enhanced antimicrobial 

potency, with QSAR analysis correlating activity with molar 

refractivity indices
16,17

. 

 

The comprehensive applications of QSAR methodologies across 

drug discovery, antimicrobial research, catalysis, and 

environmental science demonstrate the versatility and 

effectiveness of this computational approach. Studies 

collectively highlight the importance of rigorous model 

validation, high-quality data requirements, and the potential of 

computational approaches to accelerate research and 

development. While challenges remain in model reliability and 

validation, continued advancement of QSAR techniques offers 

promising opportunities for rational design and optimization of 

bioactive compounds and catalysts across diverse scientific 

disciplines. 

 

Materials and Methods 

Background and Objectives: The field of computational drug 

discovery employs Quantitative Structure-Activity Relationship 

(QSAR) methodologies to construct mathematical models that 

correlate molecular characteristics with biological effectiveness. 

These computational approaches enable researchers to 

understand how specific chemical features influence therapeutic 

outcomes, thereby facilitating rational drug development 

strategies. This investigation focused on constructing a 

predictive framework to estimate the antibacterial potency of 24 

chemical entities against Staphylococcus aureus. The 

antimicrobial effectiveness was quantified through Minimum 

Inhibitory Concentration (MIC) measurements, while 

computational molecular parameters were utilized to establish 

the predictive framework. The entire QSAR analysis was 

conducted using ChemMaster 1.2 computational platform. 

 

Data Processing and Preparation 

Dataset: The 24 Transition metal complexes with the 

experimental antibacterial activity against S. aureus which were 

used for the development of QSAR predictive model.  

 

 
Figure-1: Transition metal complexes as they appear in the 

software. 

 

Activity Data Conversion: The antimicrobial potency data, 

initially expressed as MIC values in molar units, underwent 

logarithmic conversion according to the following mathematical 

relationship: 

pMIC = - Log(MIC (M)) 
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This mathematical conversion serves to normalize the activity 

data distribution and establish a more linear correlation between 

dependent and independent variables, thereby optimizing the 

data for linear regression analysis. 

 

 
Figure-2: Transition Metal Complexes as they appear in the 

software. 

 
Chemical Property Calculations: A comprehensive suite of 

pharmaceutically relevant molecular parameters was computed 

for each chemical structure. These computational descriptors 

were selected based on their biological significance and their 

established roles in drug disposition and molecular recognition 

processes: i. Molecular Weight (MW): Complete atomic mass 

of the chemical entity, ii. Heavy Atom Molecular Weight 

(HAMW): Combined atomic masses excluding hydrogen atoms, 

iii. Hydrogen Bond Donors (HBD): Count of proton-donating 

functional groups, iv. Hydrogen Bond Acceptors (HBA): Count 

of electron pair-donating sites, v. LogP: Partition coefficient 

between octanol and water phases, indicating lipophilic 

character, vii. Rotatable Bonds (RB): Count of freely rotating 

single bond linkages. 

 
Figure-3: Transition Metal Complexes as they appear in the 

software. 

 

Data Partitioning Strategy: The complete dataset underwent 

random segregation into distinct subsets: i. Training subset 

(75% allocation, comprising 18 chemical structures)-Employed 

for model construction and parameter optimization, ii. Testing 

subset (25% allocation, comprising 6 chemical structures)-

Reserved for independent model performance assessment. 

 

Computational Model Construction: Multiple Linear 

Regression (MLR) methodology was selected as the primary 

modelling approach based on its computational transparency, 

interpretability advantages, and established utility in QSAR 

applications. The mathematical model was developed using the 

training dataset, with logarithmic MIC values serving as the 

response variable and molecular descriptors functioning as 

predictor variables. 
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Model Performance Assessment: The reliability and predictive 

capability of the developed QSAR framework were evaluated 

through comprehensive statistical analysis applied to both 

training and testing datasets. The evaluation encompassed the 

following performance indicators: i. Coefficient of 

Determination (R²): Quantifies the fraction of response variable 

variance captured by the model, ii. Root Mean Squared Error 

(RMSE): Represents the typical magnitude of prediction 

deviations, iii. Mean Absolute Error (MAE): Quantifies the 

average absolute deviation between predicted and observed 

values, iv. Leave-One-Out Cross-Validation Q² (LOO-Q²): 

Assesses internal predictive capacity through systematic single-

point omission and prediction, applied exclusively to the 

training dataset as an internal validation approach. 

 

Results and Discussion 

Mathematical Model Expression: The final QSAR equation 

derived through MLR analysis is presented as:        
                             
                                       
                                          
                        
                                 

 

The mathematical coefficients reveal important structure-

activity insights. The positive regression coefficients associated 

with hydrogen bonding capabilities (both donors and acceptors) 

indicate their favorable contribution to antimicrobial potency, 

presumably through enhanced molecular recognition and 

binding interactions with bacterial targets. In contrast, the 

negative coefficients for both total molecular weight and heavy 

atom weight suggest that increased molecular size may diminish 

biological activity, potentially due to reduced membrane 

penetration or steric interference with target binding sites. The 

modest positive contribution of lipophilicity (LogP) indicates a 

secondary role in activity determination, while the substantial 

positive coefficient for rotatable bonds suggests that enhanced 

conformational flexibility facilitates improved target 

engagement. 

 

Statistical Performance Metrics: The comprehensive 

validation statistics are summarized in Table-1. 

 

Table-1: Statistical validation metrics for the developed QSAR 

model across training and testing datasets. 

Set R
2
 RMSE MAE Q

2
 

Training 0.999 0.003 0.002 0.998 

Test 0.999 0.005 0.005  

 

The constructed MLR framework exhibits exceptional 

predictive performance, achieving an R² value of 0.999 for the 

training dataset, demonstrating that virtually all variance 

(99.9%) in antimicrobial activity is captured by the selected 

molecular parameters. The testing dataset R² of 0.999 confirms 

robust predictive performance on independent data, indicating 

excellent model generalizability. Both RMSE and MAE metrics 

demonstrate minimal prediction errors across both datasets, with 

slightly elevated errors in the testing set reflecting typical model 

behaviour on unseen data. 

 

The correlation plot comparing experimental versus 

computational pMIC predictions demonstrates the model's 

predictive accuracy. Data points clustering near the identity line 

indicate high prediction quality and close agreement with 

experimental measurements. Enhanced proximity to the 

diagonal correlation line corresponds to improved predictive 

accuracy. This relationship is visualized in Figure-1. 

 

 
Figure-1: Correlation analysis between experimental 

antimicrobial activity (pMIC) and computational predictions 

from the QSAR model. Training dataset compounds are 

represented by red markers, while testing dataset compounds are 

shown as blue markers. 

 

Conclusion 

The constructed QSAR framework demonstrates exceptional 

capability in predicting antimicrobial effectiveness against S. 

aureus using fundamental molecular characteristics. The model 

achieves outstanding statistical performance while maintaining 

excellent interpretability, establishing its value as a 

computational tool for early-phase drug discovery applications. 

Enhancement opportunities may include integration of 

additional molecular descriptors or implementation of non-

linear modelling algorithms to further optimize predictive 

precision. This validated model provides a robust platform for 

virtual compound screening applications, enabling identification 

of promising new antimicrobial candidates against S. aureus 

infections. 
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Terminology Reference 

Abbreviati

on 

Definition 

QSAR Quantitative Structure-Activity Relationship 

MIC Minimum Inhibitory Concentration 

pMIC Negative Logarithm of MIC 

MW Molecular Weight 

HAMW Heavy Atom Molecular Weight 

HBD Hydrogen Bond Donors 

HBA Hydrogen Bond Acceptors 

LogP Octanol-Water Partition Coefficient 

RB Rotatable Bonds 

R² Coefficient of Determination 

RMSE Root Mean Squared Error 

MAE Mean Absolute Error 

Q² Leave-One-Out Cross-Validation Coefficient 
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