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Course structure

• 5 Theoretical classes (2h each)
• 5 Practical classes (2h each)
• Topics:

• Introduction to Computational Drug Design
• Molecular representations, formats and descriptors
• Molecular similarity, fingerprinting and scaffolds
• Programmatic access to Chemical Databases (ChEMBL, PubChem)
• Molecular mechanics, energy minimization and molecular 

dynamics
• Molecular docking and virtual screening
• Machine Learning in Drug Design

• Practical classes use Colab Notebooks, offering fre and online 
computational capacity
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Introduction to  Drug Design and 
Computational Approaches
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• What is Drug Design?
Systematic process of identifying molecules with 
therapeutic potential, through a combination of 
biological, chemical and computational techniques

• What is Computer-Aided Drug Design (CADD)?
Drug design process that uses computational 
techniques, tools and models to facilitate the discovery 
of new drugs. 

Drug design and CADD
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• Drug discovery - all the experimentation and studies designed to 
move a program from the initial identification of a biological target 
and associated disease state to the identification of single 
compound with the potential to be clinically relevant.

• Drug Development - typically begins once a single compound has 
been identified, which is then progressed through various studies 
designed to support its approval for sale by the appropriate 
regulatory bodies

Drug discover versus development
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• Rational drug design – discovery of new drugs based on the 
knowledge of structure and mechanism rather than trial and error

• Empirical or “irrational” drug discovery – random screening of 
natural compounds or fortuitous observation of new effect 
(serendipity)

Rational drug design
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• Examples:
• Penicilin (fortuitous) :  

• Imatinib (rational drug design)

Disease -> Mechanism –> Target -> Drug



• Natural products (e.g. Aspirin)
• Screening assays
• Synthetic chemistry
• Combinatorial chemistry
• Similarity with know drugs (“Me too” drugs)
• Re-purposing (searching known drugs for a new 

effect)
• Serendipity:

• Drugs found by chance (e.g. Penicilin)
• Unforeseen side-effect of a drug or candidate

How are new drugs found ?
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Drugs found by different methods
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Simvastatin
(“me too”)

Aspirin
(natural product)

Maraviroc
(HTS assay)

Penicillin
(serendipity)

Sildenafil
(repurposing)

LLP2A-Ale
(combinatorial chemistry)



The challenge of drug discovery and design
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• The task of discovering new drugs is hard, expensive, lengthy and dependent on a very 
large number of scientific disciplines, techniques and expertise.

• Millions of compounds may have to be screened in activity tests to select but a few 
candidates (hits), of which only a few show promise as drug candidate (leads).

• Lengthy and thorough clinical testing in both animals and humans is required, without 
guarantee of approval by the regulatory entities.

• Millions (or billions) of dollars and ~5-15 years are required for the whole process.

• A large share of the profit generate by the pharmaceutical industries  comes from only a 
few drugs.

• Patent expiry narrows the profitability range of drugs and pushes the “me too” drug 
concept



The drug discovery pipeline/ funnel
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Sun, Duxin, et al.  Acta Pharmaceutica Sinica B 12.7 (2022): 3049-3062.



Drug Discovery & Development
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Drugs are expensive
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Mean Cost:
$1.3 billion

Wouters(2020) J.Am.Medical Assoc., 323:884



Where does CADD fit ? 

2025/26 Paulo  Martel - Computer Aided Drug Design\ 14

• Target modeling → homology modeling, molecular dynamics

• Hit discovery → virtual screening, de novo design, similarity search

• Lead optimization → QSAR, free energy calculations, QM calculations

• ADME/Tox → in silico property prediction, predictors, machine learning / AI 

CADD does not replace the experiments – it guides them ! 



CADD is not a separate linear step; it feeds into and learns from screening data, 
synthesis constraints, and bioassay results. By proposing better hypotheses 
faster (what to test, what to change, and why), CADD shortens cycles, lowers 
cost and attrition, and increases the probability that a refined lead becomes a 
development candidate.

The Drug Design cycle and CADD
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• Structure-based Drug Design (SBDD): relies knowledge of the 3D 
structure of the target and ligand to predict and optimize activity 
(docking, virtual screening, molecular dynamics

• Ligand-based Drug Design (LBDD): relies on similarity to known 
actives to find and expand new actives (chemical similarity, 
descriptors, pharmacophores, QSAR)

Structure-based versus ligand-based DD
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Examples:
• SBDD: designing kinase inhibitors from crystal structures
• LDBD: predicting analogues for GPCR ligands when no receptor 

structure is known



• Molecular modelling – building and visualizing molecules

• Molecular Mechanics – molecular energetics (approximate) and 
conformation search

• Quantum Chemistry – electrostatics, reactivity, bond energy, rigorous 
molecular energetics

• Molecular dynamics – target flexibility, induced fit

• Docking & Virtual screening – binding prediction and energetics

• Machine Leaning and AI – predict properties, automated discovery, 
generate new molecules 

Core computational techniques for DD
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Modelling flow
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• PDB – protein structures

• Uniprot – annotated protein sequences 

• PubChem – small molecules + targets

• ChEMBL – small molecules + bioactivity data

• DrugBank – drugs + targets + pharmacology 

• ZINC – virtual screening libraries (very large collections)

• PDBind – protein-ligand complexes and Ki / Kd

• CCDB – small molecule (crystal structures)

Key databases in CADD

2025/26 Paulo  Martel - Computer Aided Drug Design 19



HIV protease inhibitors
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X-ray structure 
determination of 

HIVE protease

Visualizing the 
active site and 

figuring the 
mechanism

Candidate 
Binders

Computational 
docking

1989

Synthesis Testing

Saquinavir 1995



• Accelerated the design process - Rather than random 
screening, researchers could rationally design molecules

• Provided visualization - Scientists could "see" how 
molecules might interact with the target

• Enabled prediction - They could predict binding modes and 
relative affinities before synthesis

• Guided optimization - Structural data from crystallography 
combined with modelling guided improvements

HIV protease inhibitors – CADD contribute
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Oseltamivir (Tamiflu)
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• Neuraminidase cleaves sialic acid 
from cell surface to allow flu virus 
particles to leave the host cell

Slide 45

Slide 47

• Zanavir is too polar – poor oral araciality, 
taken by inhalation

• Oseltamvir can be taken via the oral route
• Both are transition state analogues
• Scaffold hopping to explore related, but 

chemically distinct entities. 



• Structure-based design using X-ray crystallography

• Molecular modeling and visualization

• Iterative design cycles

• More emphasis on scaffold replacement rather than substrate mimicry

• Significant focus on predicting pharmacokinetic properties (absorption, 
distribution)

• Computational chemistry helped identify which molecular features were 
essential vs. dispensable

• Greater emphasis on optimizing drug-like properties computationally

Oseltamivir (Tamiflu) – CADD contribute
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Representing Chemical Structures

2025/26 Paulo  Martel - Computer Aided Drug Design 24



Visualizing Chemical Structures
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a – dreiding model
b – ball-and-stick
c – vdW (CPK)
d – molecular surface
e – surface potential
f – HOMO orbitals



The importance of molecular similarity
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morphine

codeine

Similar structures
similar functions

heroine



Descriptors in chemical space
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Finding the essential chemical descriptors (dimensionality 
reduction), classifying, filtering, selecting.
Machine learning-methods

Lipinski’s rule of 5



Searching through chemical space 
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Scaffold hopping - Guided search 
through chemical space.

Scaffold - core structure or framework of a 
molecule that forms the central backbone 
to which various functional groups or 
substituents are attache



Molecular docking

2025/26 Paulo  Martel - Computer Aided Drug Design 29

HTS Docking

• Molecular docking can 
produce results similar to 
hight-throughput 
screening (HTS)

• Requires knowledge of 
ligand and target 
strcutures



Computational pharmacophore screening
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Ligand-based screening (LBS)

Structure-based screening (SBS)
• SBS – pharmacophore derived 

from the structure of the biding site
• LBS – pharmacophore is derived 

from the structure of a known 
ligand



Molecular conformation is important
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Molecule docks in the “right” 
conformation

Single conformation Multiple conformations

Scanning Conformational 
Space

• Single conformations 
obtained from chemical 
databases don’t tell the whole 
story!

• Molecular simulation 
methods can be used to 
explore the space of possible 
conformations and find low-
energy conformations 



Sequence/structure analysis of targets
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A – Residues near bound inhibitor
B – Mutations leading to resistance
C – Mutations can affect flexibility
D – Dynamics of ligand free protein
      (studied by MD simualtions)

HIV protease

• Sequence analysis can reveal patterns 
characteristic of ligand binding and 
mutations affect function or stability

• Molecular dynamics (MD) studies of the 
HIV protease reveal the dynamics of the 
ligand-free protein and effect of 
mutations on flexibility



Simulating the dynamics of molecules 
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Benzodiazepine-like 
inhibitor

MD simulation shows wide 
movement of Phe121 residue, 
enlarging the binding pocket of 
the receptor

The open conformation can 
accommodate ligands with 
extended functional groups, 
like the red group of the 
benzodiazepine-like inhibitor,

• Capturing the dynamic aspect of 
ligand and target structure is often 
crucial to predict binding

• Molecular dynamics (MD) 
simulations  predict the evolution 
of conformation with time. 



Bind free energy by MD simluations

2025/26 Paulo  Martel - Computer Aided Drug Design 34

dlnG RT K =

d

[ ][ ]

[ ]

R L
K

RL
=

• Estimation of the binding potency of a 
ligand is a most important computational 
task

• Molecular dynamics (MD) simulations can 
estimate both relative and absolute biding 
free energies (ΔG or Δ Δ G  of binging). 



Drug Descriptors and QSAR
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• Ligand molecules can be represented by 
molecule descriptors and fingerprints

• These molecule-dependent parameters 
can be used to fit QSAR models or to train 
Machine Learning models

ChemDes system – generation of fingerprints and descriptors

Train a machine learning model on experimental IC50 data



Machine learning and AI
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Automatic classification Neural Network for Property prediction

New compound generation

•Machine learning (ML) models are trained on 
experimental data (activity, toxicity, IC50, logP, etc) 
•After learning, ML models can be used to:

• Classification (eg:. Toxic / non-Toxic)
• Property prediction (eg: IC50, logP)
• Generation of new compounds (eg: new 

structures or scaffolds with affinity to specific 
targets

• Reactivity prediction (eg: CYP metabolization)
• Binding poses (hard)
• Protein structure prediction(AlphaFold)
• …much more….
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Oseltamivir (Tamiflu)

Sialic acid
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Zanavir
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Oseltamivir (Tamiflu)

Oseltamvir
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