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ABSTRACT:

Quantitative structure—activity relationship (QSAR) analysis provides a mechanistic and statistically interpretable framework for translating molecular structure
into biological activity and guiding rational drug discovery. Classical Hansch and Hammett approaches established the foundations of medicinal chemistry by
quantitatively linking hydrophobic, electronic, and steric substituent effects with pharmacological response. This review critically examines the theoretical basis,
historical evolution, methodological workflow, and contemporary relevance of Hansch-Hammett QSAR, with particular emphasis on hydrophobic substituent
constants, Hammett ¢ parameters, steric descriptors, biological activity transformations, and multiple linear regression modelling. Key determinants of model
reliability—including congeneric compound selection, descriptor orthogonality, data quality, multicollinearity, nonlinear structure—activity relationships, outlier
influence, statistical significance, and internal and external validation—are systematically discussed. Particular attention is given to applicability-domain assessment
and the distinction between statistical fit and genuine predictive performance. The complementary nature of Hansch and Hammett analyses is further considered in
relation to modern molecular descriptors, computational chemistry, and machine-learning strategies. Despite limitations arising from restricted datasets, descriptor
interdependence, biological variability, and simplified physicochemical representations, classical QSAR retains substantial value because of its transparency,
computational efficiency, and chemically interpretable parameters. Integrating these established principles with contemporary data-driven methodologies can
enhance mechanistic understanding, descriptor-guided optimization, and predictive modelling, reinforcing classical QSAR as a durable foundation for modern
computational medicinal chemistry.

Keywords: QSAR; Hansch Analysis; Hammett Constants; Hydrophobicity; Electronic and Steric Effects; Linear Free-Energy Relationships; Molecular
Descriptors; Drug Design and Lead Optimization.

1. INTRODUCTION:

Quantitative Structure—Activity Relationship (QSAR) analysis is a computational medicinal chemistry approach that quantitatively correlates molecular
structure with biological activity using physicochemical and molecular descriptors. Classical QSAR emphasizes hydrophobic, electronic, and steric
effects, represented by parameters such as logP, Hammett constants, and steric substituent constants. Hansch analysis integrates these factors to explain
activity trends and identify optimal structural features. Modern QSAR incorporates statistical modelling, molecular descriptors, machine learning, and
rigorous validation to support lead identification, optimization, prediction, and rational drug design. computational workflows may integrate QSAR with
molecular docking, pharmacophore modelling, virtual screening, molecular dynamics, and cheminformatics.

Biological activity = f(molecular descriptors)
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2. AIM:

The aim of this review is to critically examine the theoretical principles, methodological development, and contemporary applications of classical Hansch—
Hammett QSAR analysis in rational drug discovery.

3. OBJECTIVES:

v It focuses on elucidating the quantitative contributions of hydrophobic, electronic, and steric substituent effects to biological activity
and on understanding their application in multiple linear regression models.

v' The review further evaluates key factors governing QSAR model reliability, including descriptor selection, multicollinearity,
statistical significance, applicability domain and internal and external validation.

v Finally, it highlights the continued relevance of classical QSAR and its integration with modern molecular descriptors, computational
approaches, and machine-learning techniques for lead optimization and predictive medicinal chemistry.

4. HISTORICAL DEVELOPMENT OF CLASSICAL QSAR:

The conceptual foundation of classical QSAR originated from physical organic chemistry and linear free-energy relationships. Hammett established a
quantitative relationship between substituent electronic effects and the reactivity of aromatic compounds through the Hammett equation, log(K/Ko) = po.
Building on this principle, Hansch and Fujita introduced hydrophobic substituent constants derived from partition coefficients in 1964. Their approach
integrated hydrophobic, electronic, and steric parameters to quantitatively correlate molecular structure with biological activity, establishing a
fundamental framework for classical QSAR.

The resulting Hansch approach incorporated several molecular characteristics simultaneously:
Hydrophobicity + Electronic effects + Steric effects — Biological activity.

5. FUNDAMENTAL PRINCIPLES OF QSAR:

5.1 Chemical Consistency
Compounds should have similar structures or a common pharmacophore to minimize scaffold-related variation.
PRACTICAL APPROACH:
Select a congeneric series in which all compounds share the same basic molecular scaffold and differ mainly in substituents.
Example:
Consider a series of substituted phenyl derivatives:

e  Compound 1: Phenyl-CHs

e  Compound 2: Phenyl-Cl

e  Compound 3: Phenyl-OCH:

e Compound 4: Phenyl-NO-

e  Compound 5: Phenyl-OH

The common phenyl scaffold reduces structural variability, allowing descriptors such as Hansch hydrophobic constant (), Hammett electronic
constant (o), and steric parameter (Es) to be related more reliably to biological activity.

5.2 Biological Consistency

Biological activity should be measured under comparable assay conditions and protocols.
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Practical approach:

Use activity data obtained from the same biological assay, cell line, experimental protocol, and laboratory conditions whenever possible.
Example:

Suppose the cytotoxic activity of 5 compounds is being studied against MCF-7 breast cancer cells.

Table:1- Cytotoxicity Profile of Synthesized Compounds Against MCF-7 Cell Line

Compound Cell line Assay Exposure time Activity

MCF-7 MTT 48h ICs0=2.1 pM

MCF-7 MTT 48 h ICso=3.4 uM
MCF-7 MTT 48 h ICso= 1.8 pM
MCF-7 MTT 48 h ICso=5.2 uM

Before QSAR analysis, convert activity values into a common scale, such as:
pICso = —logw(ICsu)

ensure that the underlying experimental measurements are sufficiently comparable.

5.3 Descriptor relevance:
Selected descriptors should have meaningful physicochemical or mechanistic relationships with biological activity.
Practical approach:
Choose descriptors according to the known mechanism of drug action rather than calculating a large number of unrelated molecular properties.
Example: For a series of compounds interacting with a hydrophobic receptor pocket, relevant descriptors may include:
L] LogP — hydrophobicity/lipophilicity
®  Molecular volume — molecular size
e  H-bond donor/acceptor count — hydrogen-bonding capability
®  TPSA — polarity
®  Hammett 6 — electronic effects of substituents

®  Steric parameters — substituent size

Drag points

Linear correlation is negative (r = -0.98).



International Journal of Advance Research Publication and Reviews, Vol 3, Issue 9, pp 525-540, September 2026

528

Iinear correlation is positive (r = N198). Linear correlation s near zero (r = 0.04).

Figure:1- Interpretation of Linear Correlation in QSAR Analysis for graphical Representation of Positive, Negative and Zero Correlation.

5.4 Statistical Adequacy

The number of descriptors should be appropriate to the number of compounds to minimize over fitting.

Practical approach:

Maintain an appropriate compound-to-descriptor ratio and avoid constructing a complex equation from a very small dataset.
Example:

Suppose a QSAR study contains 30 compounds.

A model containing:

e 30 compounds + 2—4 carefully selected descriptors — generally more manageable
e 30 compounds + 15-20 descriptors — substantial risk of overfitting
For example:

pICso = 1.25(LogP) + 0.68(c) — 0.42(MW) + 2.15

Here, only three descriptors are used to explain the activity of 30 compounds.

5.5 Model Validation

QSAR models should be validated for goodness-of-fit, robustness, and predictive ability, not based only on correlation coefficients.

Practical approach:

Use multiple validation procedures.

Example:
v R2=0.92
v' Adjusted R2=0.89
v" Cross-validated Q2=0.76
v' External test-set R2=0.78
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This is more informative than reporting only R2 = 0.92.
A practical validation workflow is:
Dataset — Training/Test split — Model development — Internal validation — External validation — Applicability-domain analysis
For example: 30 compounds could be divided into:
® 24 compounds — training set
® 6 compounds — external test set
The model is developed using the 24 training compounds, while the 6 previously excluded compounds are used to assess predictive performance.

Table 2. Practical Considerations and Examples for Key Elements of QSAR Model Development and Validation

Chemical consistency  Use structurally related compounds Substituted phenyl/quinazoline derivatives
Biological consistency = Use comparable experimental conditions Same MCF-7 cell line, MTT assay, 48 h
Descriptor relevance  Select mechanistically meaningful descriptors  LogP, o, TPSA, HBD/HBA

Statistical adequacy Limit descriptors relative to dataset size 30 compounds with 3-4 descriptors

Model validation Use internal + external validation R2, Q?, test-set performance, applicability domain

6. Hansch Analysis:

The classical Hansch approach considers biological activity as a function of hydrophobic, electronic and steric properties.
A generalized equation can be represented as:
log(1/C) = ar + br? + co + dE; + k

where:

e & = hydrophobic substituent constant

e  x?=quadratic hydrophobic term

® ¢ = electronic substituent constant

e  Es = steric substituent constant

®  a-d = regression coefficients

® Kk =intercept

The quadratic hydrophobic term is particularly important because biological activity may show an optimum rather than a continuously increasing
relationship with lipophilicity.

6.1 Hydrophobic Parameters
Hydrophobicity is one of the most influential physicochemical properties in drug design.

The partition coefficient is generally expressed as:
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_ [Compaund]organic
[COmPOWld] aqueous

log P = log,,P
For substituent analysis, the Hansch constant can be represented as:
my = log Py —log Py

A positive  value indicates increased hydrophobicity relative to hydrogen.
Hydrophobicity can affect:

e  membrane permeability

®  receptor-site interactions

e  protein binding

®  aqueous solubility

e  distribution

metabolic behaviour
However, increasing lipophilicity does not necessarily increase biological activity indefinitely.

7. Hammett Constants in QSAR

7.1 Hammett Equation
The Hammett equation is a classical linear free-energy relationship:

The Hammett constant is calculated from the substituent-dependent ionization of substituted benzoic acids:

(i)
o =log|—~
Ky

where:

® K = ionization constant of the substituted compound

®  K,=ionization constant of the unsubstituted compound
Interpretation:

® ¢ > 0: electron-withdrawing substituent

® ¢ <0: electron-donating substituent

® ¢ =0: little or no electronic effect

For example, NOz, CN and CFs generally show positive ¢ values, whereas CHs and OCHs commonly show negative values in appropriate Hammett
scales.

Position-Specific Hammett Constants

The electronic effect depends on the position of the substituent on an aromatic ring.
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® ¢, — meta substituent constant

® ¢, — para substituent constant

Different constants are required because resonance effects are transmitted differently at meta and para positions.

For QSAR analysis, the appropriate ¢ value should correspond to the actual substitution position in the compound series.

Correlation with Biological Activity

The electronic parameter can be incorporated into a QSAR equation:

log(1/C) =ac+b

or, when several molecular properties are considered:

log(1/C) = ac + b + cE; +d

where:

e (= concentration producing the defined biological response

® o= electronic parameter

e 7= hydrophobic parameter

®  F = steric parameter

®  a,b,c,d=regression coefficients

7.2 Electron-Donating and Electron-Withdrawing Substituents:

Table -3. General Electronic Character and Conventional Hammett op Trends of Common Substituents.

Substituent General electronic character

Strong electron withdrawing

Electron withdrawing

Electron withdrawing

Electron withdrawing inductively

Reference

Weak electron donating

Resonance donating

NH: Strong resonance donating

Approximate conventional op trend

Positive

Positive

Positive

Positive

Negative

Negative

Negative

The conventional Hammett scale provides a quantitative representation of electronic substitution. Electron-withdrawing groups tend to possess positive

o values, while electron-donating groups tend to have negative values.

The sign of the QSAR coefficient associated with ¢ provides information about the direction in which electronic effects are associated with biological
activity. However, interpretation should consider the sign of p and the mechanistic context of the molecular series.
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7.3 a- Constants and Substituent Effects:

Consider the substituents -OH, ~OCHs, and —~NO: attached to an aromatic ring. Their electronic effects are influenced by both inductive and resonance
effects.

®  —NO: is strongly electron-withdrawing mainly through —I and —R (resonance-withdrawing) effects.

®  —OCH:s has a —I effect because of electronegative oxygen, but it can donate electron density through a strong +R (resonance-donating) effect.

®  —OH similarly exhibits both —I and +R effects.

e |f the reaction involves development of positive charge at the reaction centre, resonance-donating substituents such as —OCHs may stabilize
the transition state more effectively than predicted by the standard Hammett ¢ constant. In such cases, the ¢* scale may provide a better
correlation.

Standard Hammett correlation:

log(1/C)=po+k

Table -4 . Common Hammett ¢ constants and representative substituent classes.

Situation Important electronic effect  Potentially useful scale
Electron withdrawal through resonance |[BEREiEHs G
Electron donation through resonance +R effect ot
Mainly inductive/field effects Inductive effect Yi
General substituent electronic effect Combined effects 2z

8. Practical Methodology for Hansch—-Hammett QSAR Studies

Step 1: Define the chemical series

Select compounds with a common scaffold or sufficiently related mechanism of action.

Step 2: Assemble biological data

Collect experimentally measured activity values from a consistent assay system.

Step 3: Transform activity

IC50, EC50 or other concentration values may be converted to logarithmic activity measures, provided the transformation is scientifically appropriate.

Step 4: Calculate descriptors

Obtain logP/n, Hammett o, steric descriptors and, where justified, additional descriptors such as molecular weight, polar surface area or hydrogen-bonding
characteristics.

Step 5: Examine correlations

Correlation matrices should be used to identify highly correlated descriptors before regression.

Step 6: Develop the model

Multiple linear regression can be used when the dataset and assumptions support it.
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Step 7: Validate

Assess internal robustness and external predictive performance.

Step 8: Interpret chemically

The resulting equation should be connected to plausible molecular mechanisms and used to guide further experimental design.

Table:5- Recommended statistical parameters for QSAR validation.

Descriptor What it represents

Hammett ¢ Overall substituent electronic effect

om/ o Position-dependent electronic effect

o'/o Resonance-sensitive electronic effects

Partial atomic charge Charge distribution within molecule

Dipole moment Molecular polarity

HOMO energy Electron-donating tendency/reactivity

LUMO energy Electron-accepting tendency/reactivity
HOMO-LUMO gap Electronic stability/reactivity

Molecular electrostatic potential||Distribution of positive/negative electrostatic regions

9. Selection and Calculation of Molecular Descriptors

Descriptor selection is a critical stage because descriptors represent the structural information supplied to the mathematical model.
Classical descriptors include:

Table:6- Major QSAR descriptors and their physicochemical significance.

Property Descriptor Typical interpretation

Hydrophobicity LogP Overall lipophilicity

Substituent hydrophobicity|(IT Relative hydrophobic contribution
Electronic effect = Electron-withdrawing/donating influence
Steric effect Es Substituent steric contribution
Polarizability MR Size/polarizability-related effect
Hydrogen bonding HBD/HBA Donor/acceptor capacity
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Property Descriptor Typical interpretation
Molecular size MW Molecular mass
Polarity TPSA Polar surface characteristics

A major consideration is descriptor redundancy. For example, logP may correlate with molecular size or polar surface descriptors. Highly correlated
variables can produce unstable regression coefficients and complicate mechanistic interpretation.

Table 7. Important descriptors used in classical and extended QSAR

Descriptor

Parti coefficient

Substituent constant

Hammett constant

Reaction constant

Taft steric constant

Molecular weight

TPSA

H-bond donor

Molar refractivity

H-bond acceptor

Property represented Application

Lipophilicity Hydrophabic contribution

Relative hydrophobicity = Hansch analysis

Electronic effect Electronic SAR

Electronic sensitivity Hammett relationship

Steric effect Substituent bulk

Size/polarizability Steric/polarizability effects

Molecular size Extended QSAR

Polarity Drug-likeness/permeability

Hydrogen bonding Molecular recognition

Hydrogen bonding Molecular recognition

Descriptor selection should be driven by chemical rationale and dataset characteristics. Excessive descriptor generation without appropriate statistical

control can produce overfitted models.

10. Regression Analysis and QSAR Equation Development

Multiple linear regression is particularly suitable for classical Hansch—Hammett analysis when the relationship is approximately linear in the selected

descriptors.

The general equation is:

where:

® Y =biological activity

® (o= intercept

®  Bi—Ps =regression coefficients

®  X,—X; = descriptors

(] ¢ = residual error

Y =B+ PiXs+ Xy + BsXs + €
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For example:
plCso = 2.15 + 0.82 — 0.3172 + 0.560
The equation suggests that hydrophobicity and electronic character contribute to activity, while the negative n® coefficient indicates curvature.

11. Interpretation of QSAR Equations

Interpretation should proceed from the equation to the chemistry.
For example:
log(1/C) =2.10 + 1.25x — 0.42n* + 0.656 + 0.30Es

The positive n coefficient indicates an association between increased hydrophobicity and increased activity within the relevant region, whereas the
negative n* coefficient indicates a curvature in the relationship.

Table:8- Representative Substituent Electronic Effects and Their Interpretation in Medicinal Chemistry and QSAR Analysis

Hammett ¢ QSAR interpretation

tendency*

Substituent Representative medicinal-

chemistry application

Electronic character

Nitro-substituted antimicrobial and
anticancer analogue series

Useful for studying the effect of
increased electron withdrawal
on potency

Electron-withdrawing Positive

Allows quantitative comparison
of electron-withdrawing effects

Positive Cyano-substituted kinase-inhibitor

and anticancer analogue series

Electron-withdrawing

Tests whether electron donation
and increased hydrophaobicity
improve activity

Methyl-substituted anti-
inflammatory and CNS-active
analogue series

Electron-donating Negative

Electron-donating by Generally Methoxy-substituted anticancer, Separates electronic effects

resonance

Electron-withdrawing
inductively; resonance
effects also possible

negative

Generally positive

antimicrobial and receptor-ligand
series

Chlorinated antibacterial,
anticancer and receptor-active
compounds

from changes in lipophilicity

Simultaneously modifies
electronic character and
hydrophabicity

12. Validation of QSAR Models

Validation is essential to determine whether a QSAR model is reliable beyond the compounds used to construct it.
Important measures include:

Table:9- Software Tools Used for QSAR Modelling and Validation

Software Major QSAR Validation Functions

Molecular Operating Environment

(MOE) R?, cross-validation, @2, RMSE, MAE, external validation, applicability domain

BIOVIA Discovery Studio QSAR modelling, regression statistics, cross-validation, prediction and validation
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13.

Software

Major QSAR Validation Functions

KNIME Analytics Platform

QSAR workflows, train/test validation, cross-validation, prediction errors,
applicability-domain workflows

Pa DEL-Descriptor

Molecular descriptors and fingerprints; commonly combined with statistical/ML tools
for QSAR validation

Regression, adjusted RZ%, p-values, F-statistic, cross-validation, RMSE, MAE and

R / RStudio L
external validation
Python QSAR modelling and validation using scikit-learn, RDKit and statistical libraries
Mp Regression analysis, R?, adjusted R?, ANOVA/F-statistic, p-values and model
validation
SPSS Multiple linear regression, R?, adjusted R?, standard error, F-statistic and p-values
MATLAB Regression, cross-validation, prediction-error analysis and statistical modelling

Chem Office / Chem Draw + statistical
tools

Molecular structure preparation and descriptor generation for QSAR workflows

OCHEM

Online QSAR modelling, validation, prediction and applicability-domain analysis

Data Warrior

Descriptor calculation, activity analysis, regression and chemical-data visualization

ALVA Descriptor / QSAR modelling

tools

Molecular descriptors, QSAR modelling, statistical validation and applicability-
domain analysis

Applications in Medicinal Chemistry and Drug Design

Table :10 . Representative published applications of Hansch/Hammett QSAR in medicinal chemistry.

Drug/Drug series

QSAR parameter

Practical observation

Sulphonamide
antibacterial series

Hydrophobicity (r),
electronic effects (o)

Substituent changes influenced antibacterial potency, demonstrating that
physicochemical properties could be correlated with biological activity.

Local anaesthetic
series

Lipophilicity and
electronic/steric effects

Changes in aromatic substituents and hydrophobicity affected potency and
duration of action.

Phenoxyacetic acid
herbicide series

Hammett o constants

Electron-withdrawing substituents influenced acidity and biological activity,
providing an early application of substituent constants to bioactivity.

f-blocker analogue
series

Hydrophobicity and
electronic properties

Substituent modifications affected receptor affinity and pharmacological
activity, illustrating the value of physicochemical descriptors in analogue
optimization.

Anti-inflammatory
analogue series

Hydrophobicity and
electronic effects

QSAR analysis helped relate structural substitutions to biological potency and
identify favourable substituent characteristics.
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14. Comparison of Hansch and Hammett Approaches

Table :11. Comparison of Hansch, Hammett for modern QSAR approaches.

Feature

Hansch approach

Hammett approach

Primary purpose

Relate physicochemical properties to biological activity

Quantify electronic substituent effects

Main descriptors

n/logP, o, steric parameters

o and modified o scales

Hydrophobic effects

Central

Not directly represented

Electronic effects

Included

Central

Steric effects

Can be included

Not a primary component

Typical application

Medicinal chemistry QSAR

Substituent/electronic SAR

Mathematical basis

Multivariable regression

Linear free-energy relationship

Major strength

Integrated physicochemical interpretation

Clear electronic interpretation

Major limitation

Descriptor interdependence and biological complexity

Limited description of hydrophobic/steric effects

Thus, Hansch analysis can be regarded as a broader multidimensional QSAR framework, whereas the Hammett relationship provides a focused approach
for electronic substituent effects.

15. Current Developments and Integration with Modern QSAR:

Paracetamol

\p“ HN
az ol
QQ -

=

o

J

3

Figure:2- Paracetamol: 2D Chemical Structure and 3D Molecular Model.

Table:15- Behaviour of Different Molecular Descriptors in Biological Systems

Descriptor Type

Molecular weight

Log P

Example for Paracetamol Particular Effect / Biological Relevance

~151 g/mol Overall molecular size; influences membrane permeability, absorption and
distribution

Relatively low Lipophilicity; affects membrane penetration and partitioning between

biological phases
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Descriptor Type

H-bond donors

H-bond acceptors

Topological descriptors

Molecular fingerprints

3D descriptors

Example for Paracetamol

Phenolic OH, amide NH

Carbonyl O, phenoxy O

Molecular connectivity

Substructural patterns

Molecular shape/volume

Particular Effect / Biological Relevance

Hydrogen-bonding capacity; contributes to molecular recognition and binding

Ability to accept H bonds; influences ligand—target interactions and solubility

Describe the 2D molecular structure and connectivity of atoms

Represent the presence/absence of chemical fragments; useful for similarity and
QSAR analysis

Describe spatial arrangement, molecular shape and steric characteristics

HOMO/LUMO,
charges

Quantum descriptors partial | Describe electronic properties and reactivity

Physicochemical Solubility, polarity, TPSA Influence absorption, distribution, solubility and overall biological behaviour

descriptors

Hansch QSAR:

Analogue A: slightly more lipophilic

Analogue B: slightly less lipophilic but has a different hydrogen-bonding pattern.

A classical model might focus primarily on the change in n/logP.

A modern QSAR model can simultaneously consider:

Log P + molecular size + H-bonding + topology + 3D shape + electronic properties + fingerprints

Therefore, it can potentially identify relationships that are difficult to express with a simple linear Hansch equation.

Paracetamol analogue X — high biological activity
Hammett Constant QSAR:
The Hammett constant (o) describes the electronic effect of a substituent relative to hydrogen.
® >0 — electron-withdrawing substituent
® <0 — electron-donating substituent
® o ~0 — little electronic difference from hydrogen
For example, if Analogue X contains a para-nitro (-NO:) substituent, its ¢ value is positive because —NO: is strongly electron-withdrawing. If the analogue
shows increased activity, the increased activity cannot automatically be attributed to ¢ alone; it may also arise from changes in lipophilicity, hydrogen
bonding, molecular shape, and target binding.

MACHINE LEARNING — prediction Chemical descriptors + molecular modelling + mechanism — interpretation

16. Future Perspectives:

The future of Hansch—-Hammett QSAR is likely to involve integration rather than replacement by modern computational approaches. Classical descriptors
can provide chemically interpretable variables within larger descriptor systems.

Future QSAR studies should emphasize:
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1.  Better quality and standardization of biological datasets.

2. Independent external validation.

3. Applicability-domain definition.

4. Mechanistically meaningful descriptors.

5. Explainable machine-learning approaches.

6. Integration of physicochemical, structural and biological information.

7.  Reproducible computational workflows.

8.  Transparent reporting of model construction and validation.

Such integration can preserve the interpretability of classical QSAR while improving predictive capability.

INTERPETATION FOR QSAR vs PHARMACOPHORE MODELING:

Hansch QSAR analysis quantitatively relates biological activity to hydrophobic, electronic, and steric substituent effects, using parameters such as
Hammett constants. Pharmacophore design instead identifies the essential three-dimensional features required for receptor binding. Thus, Hansch analysis
explains how substituent changes affect activity, whereas pharmacophore design explains which structural features enable activity.

Table:16- Hansch Analysis vs Hammett Constants vs Pharmacophore Design

Feature

Purpose

Main focus

Typical parameter

Approach

Interpretation

Use in drug design

Output

Example

Key question

17. Conclusion:

Hansch Analysis

Quantitative structure—activity

relationship

Hydrophobic, electronic and steric
effects

log P, o, Es

Mathematical/statistical

Relates substituent properties to
biological activity

Optimizes substituents

quantitatively

QSAR equation and activity
prediction

Activity vs log P and o

“How do substituent properties
change activity?”

Hammett Constant

Measures electronic substituent
effects

Electron-withdrawing/donating

effects

0,0°,0

Electronic constant

Explains electronic influence

on activity

Selects substituents based on
electronic effects

Electronic-effect value

o = electron-

withdrawing/donating strength

“How does electronic effect
change activity?”

Pharmacophore Design

Identifies essential binding features

3D molecular recognition

H-bond donor/acceptor,

hydrophobic/aromatic features

Structure-based/feature-based

Explains receptor—ligand
interaction requirements

Guides scaffold and substituent
placement

Pharmacophore model

Aromatic ring + H-bond acceptor +

hydrophobic region

“What features are essential for

binding?”

Hansch and Hammett approaches form the foundation of classical QSAR by relating biological activity to electronic, hydrophobic, and steric properties.
Hammett constants describe substituent electronic effects, while Hansch analysis integrates hydrophobic and steric parameters. These methods provide
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chemically interpretable insights for lead optimization and analogue design. Their reliability depends on coherent datasets, appropriate descriptors,
statistical validation, and consideration of nonlinearity, multicollinearity, and applicability domain. Integration with docking, three-dimensional
descriptors, molecular dynamics, and machine learning can further improve contemporary QSAR modelling.
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