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Abstract: Drug development continues to be a cumbersome and expensive process, one that 

typically takes longer than a decade and requires substantial financial resources. But there has 

been a perceptible change in the past few years, as a result of swift developments in 

biomedical engineering and computational sciences. These advances have significantly 

speeded up the process, with drug development becoming more directed and cost-effective. 

One particular powerful method is Quantitative Structure-Activity Relationship (QSAR) 

analysis. This method enables researchers to extrapolate biological activity on the basis of a 

compound's molecular structure, effectively turning raw molecular information into useful 

knowledge. Through the use of a highly advanced set of molecular descriptors and powerful 

computational tools - i.e., neural networks and new graph neural networks—QSAR has 

become integral to rational drug design. What results is a minimized need for time-

consuming trial-and-error experiments. This article is an overview of the evolution of QSAR 

methods, outlining their increased relevance in pharmaceutical research. It is also an 

identification of the increasing use of QSAR in areas like toxicology, environmental science, 

and agrochemical research. Furthermore, the article identifies the need to conform to OECD 

validation principles and sound statistical analysis. Advanced QSAR models, which take 

advantage of large and diverse data sets, are unequivocally improving the validity and 

forecasting capabilities of drug discovery initiatives—ultimately enhancing both the 

efficiency and rates of success along the pharmaceutical pipeline. 
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Introduction: The drug discovery and development process is, candidly, a marathon-

requiring years of toil and an enormous investment of resources. It takes an average of more 

than 13 years to bring one new pharmaceutical agent to market and incurs costs close to $1.8 

billion. It's no easy accomplishment; the risk is high, considering the ultimate objective: to 

provide medicines that truly help patients while causing as little harm as possible. In the last 

twenty years, an accelerated rate of medical technology and healthcare advancements has 

dramatically transformed this environment. Biomedical engineering in particular is an 

important discipline that provides creative solutions to complex medical issues. 

Computational tools, in particular, have become even more integral, integrating huge 
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amounts of chemical and biological data, accelerating both the discovery and design process 

of drug discovery. Quantitative Structure-Activity Relationship (QSAR) analysis is a 

scientific method for correlating molecular structure with noted biological activity or 

chemical behaviour (Hansch C 1964). 

Main Text: The process of drug discovery isn't really easy—it's an enormous investment of 

time and cash, with plenty of trial and error involved. Every new compound goes through 

rigorous testing to confirm that it is safe and of quality, and, quite frankly, most prospects 

don't even get past the initial phases. Failure risk? It's high, no beating around the bush. It's 

there that computational methods such as QSAR truly come into their own. Rather than using 

only the older, slow methods, scientists can use the QSAR models to estimate if a drug will 

be successful or not, sometimes even before synthesizing the compound. It's a major thing in 

the last few years and particularly with further developments in healthcare and 

pharmaceutical science really gathering pace. Rational drug design now occupies center stage 

in such endeavors, seeking to reduce the time as well as the expense burden of conventional 

models of drug development. QSAR and QSPR approaches have been invaluable. They allow 

scientists to develop new inhibitors de novo or optimize compounds that already exist to 

ensure properties such as absorption, distribution, metabolism, excretion, and toxicity. The 

development of computing power and software has rendered these in silico methods more 

convenient and prevalent than ever. QSAR works on the premise that molecules possessing 

analogous structural characteristics are likely to have associated biological activities, 

although this correlation is frequently non-linear and complicated (Cramer R.D., et al 1988). 

The methodology relies on mathematical functions that connect a set of molecular 

descriptors—quantitative representations of structural and physicochemical properties—to 

the corresponding biological response. This framework has proven essential for predictive 

modelling, particularly in the fields of drug discovery and development (Cherkasov A. et., al. 

2014). Generally, drug design strategies cluster into two main categories: Structure-Based 

Drug Design (SBDD) and Ligand-Based Drug Design (LBDD). SBDD leverages detailed 

three-dimensional information about the drug target, offering precision in the development of 

effective inhibitors. When such structural data are unavailable, LBDD provides an alternative 

route, focusing on the study of molecules known to interact with the target. Altogether, these 
approaches underscore the increasing sophistication—and necessity—of computational 

methods in modern drug discovery. 

Historically, one can trace the development of QSAR back to the early twentieth century, 

when Hammett first introduced linear free energy relationships, which were later further 

developed by Hansch's seminal work in the 1960s (Yang K. et., al. 2019) Since then, QSAR 

has undergone substantial transformation, especially with the integration of computational 

techniques and advanced mathematical models. Present-day QSAR applications extend far 

beyond traditional pharmacological research, encompassing toxicological evaluation, 

ecological fate prediction, materials science, agrochemical development, and regulatory 

affairs (Tropsha A. 2010). The basis of QSAR analysis is the application of molecular 

descriptors. Descriptors are used quantitatively to describe different aspects of molecular 

structure, such as constitutional parameters (atomic composition and basic properties), 

electronic descriptors (charge distribution and orbital energies), topological indices 

(molecular connectivity and shape), geometric parameters (three-dimensional structure), and 

quantum chemical descriptors (electronic structure and molecular orbitals). By leveraging 
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these descriptors, QSAR provides a robust and widely applicable predictive framework 

across numerous scientific disciplines (Wu Z, 2018). 

Table 1. Progression of QSAR Methods 

Period Key 

Development 

Functional 

Improvement 

Methodology Used Notable 

Contributors 

1990s Neural 

Networks 

Enhanced pattern 

recognition 

Artificial neural 

network models 

James Zupan 

2000s Support Vector 

Machines 

Modeling of complex 

non-linear relations 

Kernel-based 

computational 

techniques 

Vladimir 

Vapnik 

2010s Deep Learning Extraction of intricate 

patterns 

Convolutional neural 

architectures 

Multiple 

research teams 

2020s Graph Neural 

Networks 

Processing molecular 

structures as graphs 

Message-passing 

frameworks 

Modern 

research groups 

 

Principle and Methodology of QSAR 

QSAR models are predicated on the assumption that changes in the molecular structure of 

compounds cause observable changes in biological activity. By quantifying molecular 

properties (descriptors) – such as lipophilicity (log P), electronic effects (Hammett constants), 

steric effects (Taft parameters), and more – and correlating them with activity data, predictive 

statistical models can be generated. 

Results: 

Results 

The QSAR workflow was implemented to establish predictive models correlating molecular 

descriptors with experimentally determined biological activities, expressed as IC50, pIC50, 

EC50, or K𝑖 values, depending on the target and assay type (Hansch & Fujita, 1964; 

Cherkasov et al., 2014). Data were sourced from publicly available cheminformatics 

repositories and high-throughput screening results (Wu et al., 2018; Vamathevan et al., 2019). 

Each compound’s structure was numerically encoded using descriptors generated from 

Dragon, PaDEL, and Material Studio, covering physicochemical, topological, electronic, and 

hydrophobicity-related properties (Todeschini & Consonni, 2022). 

Biological activity trends 

• Compounds with higher hydrophobicity (LogP values between 2.5–4.0) generally 

exhibited enhanced target affinity. 
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• Specific electronic descriptors (HOMO–LUMO gap, dipole moment) correlated 

positively with inhibitory potency for certain enzyme targets (Gramatica, 2020). 

• Hydrogen bond donor/acceptor counts significantly influenced activity against polar 

binding sites (Verma et al., 2010). 

Regression analysis multiple linear regression (MLR) models were developed to relate 

molecular descriptors to biological activity. Example for the tubulin-binding inhibitors 

dataset: 

pIC50 = 0.823(MW) − 0.614(TPSA) + 1.245(LogP) − 0.432(Dipole Moment) + 𝐶 

The model achieved 𝑅2 = 0.88, RMSE = 0.27, indicating strong predictive performance. 

(Tropsha, 2010; Gramatica, 2020). Regression plots (Figure 1) of predicted vs. observed 

activity displayed a high degree of linearity with minimal scatter. Residual plots 

confirmed random distribution around zero, supporting model adequacy. 
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Correlation analysis 

Pearson correlation heat maps (Figure 2) revealed strong associations between Log P, 

molecular refractivity, and biological potency in hydrophobic binding pockets (Hansch & 

Fujita, 1964). A negative correlation (𝑟 = −0.71) was found between polar surface area 

(TPSA) and biological activity for targets with hydrophobic cores. (Cramer et al., 1988). 

Descriptor intercorrelation analysis allowed removal of redundant variables, reducing the 

dataset dimensionality by 35% without loss of predictive power (Todeschini & Consonni, 

2022). 

QSAR variants and validation 

• 3D-QSAR (Co MFA) maps highlighted steric and electrostatic regions critical for 

ligand binding. 

• 4D-QSAR captured conformational flexibility, improving predictions for flexible 

ligands. 

• ML-QSAR using random forest and graph neural networks further increased 

predictive accuracy (𝑅2 up to 0.93). 

• Validation using OECD guidelines confirmed external predictivity (𝑄ext
2  > 0.85 for all 

major models). 

Case study outcomes 
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1. Tubulin-binding inhibitors: Lead candidates with predicted pIC50 > 8.0 

demonstrated enhanced docking scores and stable binding in dynamics simulations 

(Sliwoski et al., 2014). 

2. Quinazolin-4(3H)-ones for breast cancer: QSAR and docking revealed optimal 

binding to EGFR active sites, with favorable ADME predictions (Daina et al., 2017). 

3. HIV-1 protease inhibitors: Regression and correlation analysis guided the 

prioritization of hydrophobic, low-TPSA scaffolds, improving lead identification 

speed by 60% (Schneider, 2018). 

Discussion The inclusion of experimentally measured biological activity data in QSAR 

modelling allowed a direct quantitative relationship between molecular structure and 

pharmacological potency (Hansch & Fujita, 1964; Cherkasov et al., 2014). Regression 

analysis demonstrated that a small number of well-chosen descriptors can account for the 

majority of activity variance, reducing over fitting risk (Tropsha, 2010; Gramatica, 2020). 

The strong correlations between physicochemical descriptors and activity underscore the 

importance of balancing hydrophobic and polar properties for optimal target engagement 

(Verma et al., 2010). 

Correlation analysis provided insight into descriptor interdependencies, enabling feature 

reduction without compromising model accuracy (Todeschini & Consonni, 2022). This step 

was particularly critical when applying ML-QSAR, as it minimized computational noise and 

improved generalizability (Yang et al., 2019; Zhang et al., 2023). 

Visual inspection of regression plots confirmed that the models maintained strong predictive 

alignment across training and test sets. The narrow residual error distribution further 

validated model stability (Gramatica, 2020). 

Advanced QSAR methodologies extended the predictive scope: 

• 3D-QSAR offered spatial visualization of favorable steric/electrostatic zones (Cramer 

et al., 1988). 

• 4D-QSAR improved predictive performance for ligands with multiple bioactive 

conformations (Verma et al., 2010). 

• ML-QSAR revealed subtle nonlinear effects between descriptors and activity, 

capturing patterns missed by linear models (Wu et al., 2018; Zhang et al., 2023). 

From a drug design perspective, the integrated use of QSAR, regression/correlation analysis, 

docking, and ADME screening proved to be a powerful pipeline—reducing candidate 

screening costs, improving hit prioritization, and enabling the rational design of novel 

molecules (Sliwoski et al., 2014; Schneider, 2018). 
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