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Computational Drug Discovery

“Is there really a case where a drug that’s on the market was designed by
a computer?”
When asked this, I invoke the professorial mantra (“All questions are good
questions.”), while sensing that the desired answer is “no”. Then, the
inquisitor could go back to the lab with the reassurance that his or her
choice to avoid learning about computational chemistry remains wise.
The reality is that the use of computers and computational methods
permeates all aspects of drug discovery today. Those who are most
proficient with the computational tools have the advantage for delivering
new drug candidates more quickly and at lower cost than their
competitors.
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Computational Drug Discovery

“Is there really a case where a drug that’s on the market was designed by
a computer?”
However, the phrasing of the question suggests misunderstanding and
oversimplification of the drug discovery process (..) It is inconceivable that
a human with or without computational tools could propose a single
chemical structure that ends up as a drug; there are far too many hurdles
and subtleties along the way.
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What is a Target: any bio-macromolecule (e.g., enzymes or channels)
Target Identification aims to determine a biological macromolecule that is
related to the development or to the life cycle of a certain pathology
Target validation aims to establish the link between inhibition/modulation of
the target activity and the potential cure of the disease.
- Tricky issue: different “levels” of validation.
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What is a Hit: small-molecule inhibitor with low affinity for the target
Affinity:

P +I

PI

[P ][I]
Ki =
[P I]

Competitive mechanism of inhibition:

P
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What is a Hit: small-molecule inhibitor with low affinity for the target

Inhibitory Concentration (IC)50:
The half maximal inhibitory concentration
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What is a Hit: small-molecule with low (but promising!) affinity for the target
Relationship between Ki and IC50
(Cheng-Prusoff equation):

Ki =

IC50
[1 +

[S]
KM

For competitive inhibitors

]

[S] = Substrate concentration

When [S] ~ 0 => Ki~ IC50
Hit compounds have low affinity (or IC50) - ~10-1 μM
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Methods for hit identification:
High Throughput Screening (HTS)
NMR screening
Crystallography
Computational methods
Required:
Assay development

Goal: identify possible active “scaffolds”
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What is a scaffold: the simplest substructural element of a molecule
The scaffold often represents the “core” of the
molecule, and it greatly affects the
physicochemical properties of the molecule (for
instance, solubility).
For this reason, DIVERSITY in screening is the KEY.

Source: Scaffold composition and biological relevance of screening libraries
Anang A Shelat and Kiplin Guy, Nat. Chem. Biol August Vol. 3, 2007
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Example, a good hit:
Melanocortin 4 receptor (MC4R)
Millennium Pharmaceuticals & Abbot

µm
Ki = Ki
2.7= 2.7
μM
Vos, TJ et al. 2004 J Med Chem 47 1602 - 04
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What is a Lead: a compound with improved affinity for the target
Methods for hit-to-lead:
Medicinal chemistry
Computational methods
Crystallography
In vitro testing
Lead compounds have high affinity (or IC50) - < 1 μM or better

Goals: 1. improve compound activity (better affinity)
2. create series of active compounds
Series of compounds: compounds sharing the same scaffold.
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What is a Lead: a compound with improved affinity for the target
A must be aromatic; optimal substitution
is 2-methoxy-5-bromo-phenyl

C

Y = CH2, S are equivalent; two atoms
linker is optimal

B
A

In B, substitutions are tolerated only in 3’
In C, cyclic amidine is necessary; R = H,
alkyl are equivalent; n = 1,0 are
equivalent

Vos, TJ et al. 2004 J Med Chem 47 1602 - 04
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What is a Lead: a compound with improved affinity for the target
MC4R Antagonist Lead
C

B
A

Ki = 2.7 μM

Potency improved almost two
orders of magnitude
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Vos, TJ et al. 2004 J Med Chem 47 1602 - 04

Ki = 0.04 μM

Drug Discovery & Development
Drug Discovery process
Example: non-nucleoside inhibitors of HIV reverse transcriptase (NNRTIs).

Optimization of Azoles as Anti-Human Immunodeficiency Virus Agents Guided by Free-Energy Calculations
Jorgensen W et al
J. AM. CHEM. SOC. 2008, 130, 9492–9499
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Best leads are optimized in terms of their drug-likeness:
Improved affinity is coupled with a promising pharmacokinetic (PK) profile.

PK includes ADMET characterization:
Absorption (e.g., bioavailability, F)
Distribution (e.g., binding to serum proteins)
Metabolism (metabolites, e.g., cytochrome P450)
Excretion (kidneys system)
Toxicity (e.g., Affinity towards h-ERG)
The route of administration (e.g., intravenous, oral) and the site of action of the
drug (e.g., brain, skin, organs) critically influence the desired ADMET profile
Marco De Vivo
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Methods for lead optimization:

Computational methods
Medicinal chemistry
Crystallography
In vitro testing
In vivo testing (key for lead optimization)
Additional issue:
Target specificity – Assays development involved.

Ultimately:
Lead optimization aims to develop and identify promising compounds
within a given series of compounds suitable for preclinical development.
Marco De Vivo
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MC4R Antagonist Lead

Ki = 0.04 μM

Drug
Candidate

ML00253674

Ki = 0.16 μM but BETTER PK profile!

Vos, TJ et al. 2004 J Med Chem 47 1602 - 04
Marsilje, T et al. 2004 Bioorg Med Chem Letters 14 3721 - 3725
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Goals:
1. determination of the lead’s ultimate safety profile.
2. determination of a safe starting dose of the drug
for clinical trials
Methods :
Synthetic chemistry (scale up)
Further in vivo pharmacology
Further Tox/safety Pharmacology
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Drug Candidate:
Winner molecule.
Molecule that will be moved into clinical trials.
(tough decision… big gamble…)

Note:
For those scientists involved in drug discovery research, to contribute to
the creation of a drug candidate is a great achievement.
Although getting a drug out if it… would make it better … 
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Computational Drug Design
Two approaches:
 Structure-Based Drug Design - SBDD
Drug design based on the interaction of the ligand with the
3D dimensional structure of the receptor

 Ligand-Based Drug Design - LBDD
Unknown structure of the receptor.
Drug design based on the key features of active compounds.
Hypothesis:
Ligands similar to an active ligand are more likely to be active than
random ligands. (pharmacophore models)
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Computational Drug Design
Approaches and methods:
 Structure-Based Drug Design - SBDD
Docking (Glide, Dock, Autodock, ICM… etc)
Kitchen D., Nat. Review Drug Discovery Vol. 3 Nov. 2004

De novo design (BOMB, SMoG, BREED.. etc)

Gisbert Schneider and Uli Fechner, , Nat. Review Drug Discovery Vol. 4 Aug. 2005

 Ligand-Based Drug Design - LBDD
Quantitative Structure-Activity Relationship (QSAR)
Markus A. Lill, Drug Discovery Today, Vol. 12 Dec. 2007

Ligand similarity approaches (2D or 3D)
Johann Gasteiger, J. Med. Chem. 49, 22, 2006.
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Structure-Based Drug Design
MUST: 3-dimensional structure of the target.
Sources of structures:
1. Crystallography
2. NMR structures
3. Homology structures
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Structure-Based Drug Design
MUST: 3-dimensional structure of the target.
Sources of structures:
1. Crystallography
2. NMR structures
3. Homology structures
Average of multiple structures
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Structure-Based Drug Design
MUST: 3-dimensional structure of the target.
Sources of structures:
1. Crystallography
2. NMR structures
3. Homology structures
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Docking

USS Hornet, SF Bay, CA - USA
Marco De Vivo

Docking

iHome Docking Station™
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Docking molecules…
An attempt to predict the structure(s) of the
complex formed between
the ligand and the macromolecule
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Docking

Molecule
Target
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Ligand Docking
Two problem to solve:

1. Posing (the easy part)
2. Scoring (the tough part)
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Ligand Docking - Posing
The posing problem (the easy part):
The posing is a “solved” problem!
Docking methods can place a ligand with great
accuracy in a binding pocket, reproducing
crystallographic data.
The challenging issue is to rank different poses,
according to their score and identify the “best one”.
Docking and scoring in virtual screening for drug discovery: methods and applications

Douglas B. Kitchen et al
Drug Discovery, Vol. 3, Nov 2004
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Ligand Docking - Scoring
LIGAND BINDING
The quantitative modeling of receptor – ligand interactions can be
achieved by determining the equilibrium binding constant Keq. The binding
constant Keq is directly related to the Gibbs free energy:

ΔGbind = − RT ln K eq
Why it is so difficult to score compounds:
Experimental range of binding affinities: from 10-2 M (mM) to 10-12M (pM)
At T=298K the enthalpic contribution to the ΔGbinding is between -2.4 kcal/mol and
-16.7 kcal/mol
In other words, a change in binding (free) energy of ~1.5 kcal/mol alters the binding
affinity of one order of magnitude (T=298) !!!!
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Ligand Docking - Scoring
SCORING FUNCTIONS FOR DOCKING CALCULATIONS:
• Force-Field Based
• Empirical
• Knowledge-based
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Ligand Docking - Scoring
Force Field - Scoring

ΔGbind = E MM − TΔS solute + ΔGsolvent
EMM from FF:

ΔSsolute: The solute entropy consists of four terms, namely translational,
rotational, vibrational, and conformational entropy.
Δgsolvent: The solvent free energy consists of the two terms: 1) a nonpolar
and a polar term.
Marco De Vivo

Ligand Docking - Scoring
Force Field - Scoring

Total energy is given by the sum of energy terms.
For two atoms i and j, Aij and Bij are van der Waals parameters for
given atom types, dij is the interatomic distance, qi and qj are
atomic partial charges, and ε(dij) is a distance-dependent
dielectric function.
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Ligand Docking - Scoring
EMPIRICAL SCORING FUNCTIONS
Also known as ‘Regression-based’ Scoring Functions.
They derive from a training set of co-crystals whose binding affinities were
experimentally determined.
The assumption behind this idea is that the overall binding affinity can be
split into individual and uncorrelated contributions.
Binding free energy predictions can only be successful if the molecules
make similar interactions to the ones in the training set complexes
(transferability issues).
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Ligand Docking - Scoring
EMPIRICAL SCORING FUNCTIONS

The free energy of binding, ΔGbind, is approximated as a sum of contributing free
energy terms of hydrogen bonding (H-bond), lipophilic (lipo) and metal (metal)
components.
The free energy terms are calculated with a function, f, which can
depend on an angular (Δα) and/or a b distance (ΔR) term.
ChemScore was derived empirically from a set of 82 protein-ligand complexes for which
measured binding affinities were available.
M. D. Eldridge, C. W. Murray, T. R. Auton, G. V. Paolini and R. P. Mee,
J. Comput.-Aided Mol. Des., 11, 425-445 (1997).
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Ligand Docking - Scoring
KNOWLEDGE-BASED SCORING FUNCTIONS
The idea is that if a large enough set is considered, general rules can be
derived from simple statistics.
The function is based on frequency distributions of the atomic interactions
in the experimental structures.
The pseudo energy ΔWI,J is statistically derived from atom-type and
distance-dependent pair potentials ΔWi,j(r):

1376 protein-ligand complexes from the Protein Data Bank
Gohlke, H.; Hendlich, M.; Klebe, G.
Knowledge-based scoring-function to predict protein-ligand interactions.
J. Mol. Biol. 2000, 295, 337-356.
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Ligand Docking - Scoring
CONSENSUS SCORING
The use of multiple scoring functions can help overcoming the limits of each
single function.
Example:
Score = sum of scores from different scoring functions / Number of scoring functions.

Consensus scoring are more often applied in Virtual Screening experiments
rather than Docking.
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Virtual screening
An exercise carried
out by computational
means aimed at
predicting which
molecules from an
ensemble will likely
display some activity
against a target.
VLS is usually
implemented as an
iterative docking
simulation at the
target binding site.
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1st -37.9
kcal/mol

2nd -29.7
kcal/mol

3rd -27.3
kcal/mol

4th -9.8
kcal/mol
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De novo drug design
DE NOVO DESIGN produces novel molecular structures FROM SCRATCH, by
incremental construction of a ligand model within a model of the receptor
or enzyme active site.

Procedure:
1. Identify catalytic site
2. Place a starting seed (small fragment)
3. Build compounds using fragments as building blocks
4. Score final molecule

COMPUTER-BASED DE NOVO DESIGN OF DRUG-LIKE MOLECULES
Gisbert Schneider and Uli Fechner
NATURE REVIEWS | DRUG DISCOVERY VOLUME 4 | AUGUST 2005 | 649
Marco De Vivo

De novo drug design
DE NOVO DESIGN produces novel molecular structures FROM SCRATCH, by
incremental construction of a ligand model within a model of the receptor
or enzyme active site.

Major advantages:

1. Investigation of chemical space outside the chemical space
contained in a chemical collection/dataset (docking).
2. Optimization of the receptor/ligand interaction with ad-hoc
modification of the ligand.

COMPUTER-BASED DE NOVO DESIGN OF DRUG-LIKE MOLECULES
Gisbert Schneider and Uli Fechner
NATURE REVIEWS | DRUG DISCOVERY VOLUME 4 | AUGUST 2005 | 649
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De novo drug design
DE NOVO DESIGN produces novel molecular structures FROM SCRATCH, by
incremental construction of a ligand model within a model of the receptor
or enzyme active site.

Major limitations:

1. The number of chemically feasible, drug-like molecules has
been estimated to be in the order of 1060–10100.
Huge chemical space!
2. Is there an available route for synthesis to make the promising
compounds?

COMPUTER-BASED DE NOVO DESIGN OF DRUG-LIKE MOLECULES
Gisbert Schneider and Uli Fechner
NATURE REVIEWS | DRUG DISCOVERY VOLUME 4 | AUGUST 2005 | 649
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De novo drug design
Modus operandi:

1. Individuation of key
interactions in the binding
pocket (binding hypothesis).
2. Evaluations of starting seeds
and their interaction with key
residues in the pocket
3. Incremental construction of
compounds by screening of
fragments as building blocks.
4. CONSTANT interaction with
synthetic chemists, in order to
build feasible compounds.
(for instance, avoid stereocenters!)
Marco De Vivo

De novo design
Growing ibuprofen into the catalytic site
- just an example BOMB (Analog): ~800 drug-like fragments that can be added to a core fragment situated in the
catalytic pocket.
It is ‘just’ a provocative way to explore the available cavities of a pocket and generate ideas.

+ -CH2-OH
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Comparison - Interaction energy

Interaction energy (kcal/mol):
Exx = -48.76
Me..H-O = -0.71, -1.03, 0.31

O
O
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Interaction energy (kcal/mol):
Exx = -51.22 ,
Me..H-O = -2.12, -1.41, -0.71

O

O

*

O

Drug-likeness (‘druggability’)
When is a compound drug-like?
Lipinski's Rule of Five
1. Not more than 5 hydrogen bond donors (NH, OH groups)
2. Not more than 10 hydrogen bond acceptors (N and O)
3. A molecular weight under 500
4. An octanol-water partition coefficient less than 5 (logP < 5)

Log Poct/wat = log

[solute] octanol
[solute] water

CA Lipinski, Adv. Drug Del. Rev. 1997, 23, 3
Marco De Vivo

Log Poct/wat = 0 ration 1:1 oct/wat
1 ration 10:1 oct/wat
-1 ration 1:10 oct/wat

Drug-likeness (‘druggability’)
When is a compound drug-like?
Lipinski's Rule of Five
1. Not more than 5 hydrogen bond donors (NH, OH groups)
2. Not more than 10 hydrogen bond acceptors (N and O)
3. A molecular weight under 500
4. An octanol-water partition coefficient less than 5 (logP < 5)

Log Poct/wat = log

[solute] octanol
[solute] water

Log Poct/wat = 0 ration 1:1 oct/wat
1 ration 10:1 oct/wat
-1 ration 1:10 oct/wat

Several exceptions!
For instance: Macrolides (antibiotics) are good drugs, but do not comply with
the Lipinski’s Rule of five!
CA Lipinski, Adv. Drug Del. Rev. 1997, 23, 3
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Drug-likeness (‘druggability’)
ARTICLES
PUBLISHED ONLINE: 24 JANUARY 2012 | DOI: 10.1038/NCHEM.1243

Quantifying the chemical beauty of drugs
G. Richard Bickerton1, Gaia V. Paolini2, Jérémy Besnard1, Sorel Muresan3 and Andrew L. Hopkins1 *
Drug-likeness is a key consideration when selecting compounds during the early stages of drug discovery. However,
evaluation of drug-likeness in absolute terms does not reflect adequately the whole spectrum of compound quality. More
worryingly, widely used rules may inadvertently foster undesirable molecular property inflation as they permit the
encroachment of rule-compliant compounds towards their boundaries. We propose a measure of drug-likeness based on
the concept of desirability called the quantitative estimate of drug-likeness (QED). The empirical rationale of QED reflects
the underlying distribution of molecular properties. QED is intuitive, transparent, straightforward to implement in many
practical settings and allows compounds to be ranked by their relative merit. We extended the utility of QED by applying
it to the problem of molecular target druggability assessment by prioritizing a large set of published bioactive compounds.
The measure may also capture the abstract notion of aesthetics in medicinal chemistry.

T

he concept of drug-likeness provides useful guidelines for
early-stage drug discovery1,2. Analysis of the observed distribution of some key physicochemical properties of approved
drugs, including molecular mass (Mr), hydrophobicity and polarity,
reveals that they occupy preferentially a relatively narrow range of
possible values3. Compounds that fall within this range are
described as ‘drug-like’. This definition holds in the absence of
any obvious structural similarity to an approved drug. It has been
shown that the preferential selection of drug-like compounds
increases the likelihood of surviving the well-documented high
ratesDe
of attrition
Marco
Vivo in drug discovery4.
Drug-likeness can be rationalized by considering how simple

Paradoxically, since the publication of the seminal paper by
Lipinski et al.5 there appears to be a growing epidemic, which
Hann has termed ‘molecular obesity’8, among new pharmacological
compounds (Supplementary Fig. S1). Compounds with higher relative Mr and lipophilicity have a higher probability of attrition at
each stage of clinical development4,9–11. Thus, the inflation of physicochemical properties that increases the risks associated with clinical development may explain, in part, the decline in productivity of
small-molecule drug discovery over the past two decades4. However,
the mean molecular properties of new pharmacological compounds
are still considered Lipinski compliant, even though their property
distributions are far from historical norms.

Structure-Based Drug Design
Step 2

Marco De Vivo

Computed ADME profile

X-ray Structure
X-ray Structure
refinement
Compound
(De novo)
Design
Synthesis
In vitro test

From inhibitors to drugs

Binding design – new inhibitors

Step 1

SAR with experiments

Hypothesis generation &
Determination of key descriptors

Predictive statistical
model

Compound design (optimization)
Synthesis and test

Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

FDA review
and approval

Market

CLINICAL TRIALS
IND

NDA

IND:
Investigational New Drug application to the FDA (Food&drug Administration)
containing results of preclinical studies, results of chemical manufacturing
controls (including details of active ingredients, stability and purity) and other
laboratory results requesting permission to conduct studies in humans
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Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

CLINICAL TRIALS
IND

NDA

Phase I Clinical Trials:
20-100 healthy subjects; First-in-man safety studies.
SAFETY !
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FDA review
and approval

Market

Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

FDA review
and approval

Market

CLINICAL TRIALS
IND

NDA

Phase 2 Clinical Trials:
100-500 subjects; Primary focus is efficacy and includes additional safety
and side effect analysis. Dosage guidelines formulated.
EFFICACY ! (& SAFETY)
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Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

FDA review
and approval

Market

CLINICAL TRIALS
IND

NDA

Phase 3 Clinical Trials:
1,000-5,000 subjects; Pivotal trials. Drugs that complete Phase III have ~60%
chance of FDA approval.
Safety profiles and side effects further studied to establish the benefit-risk
relationship.
EFFICACY & SAFETY ON LARGER NUMBER OF PATIENTS
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Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

FDA review
and approval

Market

CLINICAL TRIALS
IND

NDA

NDA:
Submission of New Drug Application to the FDA Center for Drug Evaluation
and Research requesting clearance to market the drug.
This application contains information on every patient from the clinical
trials, and information on the company’s drug production.
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Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

FDA review
and approval

CLINICAL TRIALS
IND

NDA

FDA approval for a NME (New Molecular entity)
A new small-molecule drug can be referred to as a NME.
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Market

Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

CLINICAL TRIALS
IND

NDA
Example
Drug on the market (ZYVOX)
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FDA review
and approval

Market

Drug Discovery & Development
Drug on the market (Zyvox)
1993: first synthesis
1995: clinical trials – Phase I
mid-1996: phase II
1998: Phase III
April, 18 2000: FDA approval
Impact on patients:
About 2 million patients in hospitals in U.S. every year find that they have
contracted a hospital-acquired or so-called nosocomial infection (including:
methicillin-resistant Staphylococcus aureus (MRSA)).
It is estimated that nosocomial infections lead to 90 000 deaths per year in the
U.S. and that 70% of these infections are caused by bacterial pathogens.
About 3.7 million patients have been cured with Zyvox since 2000.
Economic return:
Zyvox: ~1 Bn $ only in 2008, (Pfizer).
Marco De Vivo

Drug Discovery & Development
Drug on the market (Zyvox)
1993: first synthesys
1995: clinical trials – Phase I
mid-1996: phase II
1998: Phase III
April, 18 2000: FDA approval
Impact on patients:
About 2 million patients in hospitals in U.S. every year find that they have
contracted a hospital-acquired or so-called nosocomial infection (including:
methicillin-resistant Staphylococcus aureus (MRSA)).
It is estimated that nosocomial infections lead to 90 000 deaths per year in the
U.S. and that 70% of these infections are caused by bacterial pathogens.

Linezolid (ZYVOX), the First Member of a Completely New Class of Antibacterial Agents for Treatment
of Serious Gram-Positive Infections
Steven J. Brickner, et al, J. Med. Chem., 2008, Vol. 51, No. 7 1983
Marco De Vivo

Drug Discovery & Development
Drug development process
Drug
Candidate

Phase I

Phase II

Phase III

FDA review
and approval

Market

CLINICAL TRIALS
IND

NDA

After the drug is approved and reaches the market:
Phase 4 Clinical Trials
Ongoing surveillance for side effects in routine use for as long as the drug
remains on the market.
Example:
Vioxx (Merck product for pain relief) was approved by FDA in 1999 and
then withdrawn from the market in 2004, for safety concerns.
Marco De Vivo

Drug Discovery & Development
Average time requested for it
Target
Discovery

Hit
Identification

Time
zero

1.5

IND
Drug
Candidate

Hit-to-Lead

Lead
Optimization

2

1.5

CLINICAL TRIALS
Phase I
1.5

Phase II
2.5

Preclinical
Development

Drug
Candidate

1
(~6 years for discovery)

NDA
FDA review
and approval

Phase III
2.5

Market

1

(~7.5 years for development)

Total time (on average) = ~13.5 years
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Drug Discovery & Development
Average cost requested for it
Target
Discovery

Hit
Identification

Hit-to-Lead

Lead
Optimization

Preclinical
Development

Drug
Candidate

(~820 $ Million for discovery)

IND
Drug
Candidate

CLINICAL TRIALS
Phase I

Phase II

NDA
Phase III

FDA review
and approval

Market

(~960 $ Million for development)

Total cost on average = ~1.78 $ Billion for one NME
Source: How to improve R&D productivity: the pharmaceutical industry’s grand challenge
Steven M. Paul, Nat. Review Drug Discovery March Vol. 9 2010
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Drug Discovery & Development
- Some facts -

Reasons for attrition of drugs in clinical trials:

In the period 1991 –2000, the highest % of attrition of drug in clinical
development was due to sub-optimal PK/bioavailability properties
Source: Can the pharmaceutical industry reduce attrition rates?
I. Kola and J. Landis, Nature Reviews Drug Discovery 2004, 3, 711-715
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Drug Discovery & Development
- Some facts -

Success rates from first-in-man to registration.

The overall clinical success rate is 11% (2004 estimate)

Source: Can the pharmaceutical industry reduce attrition rates?
I. Kola and J. Landis, Nature Reviews Drug Discovery 2004, 3, 711-715
Marco De Vivo

Drug Discovery & Development
Patent:

- Some facts -

FDA approved drug patent lasts 20 (+extension) years.
Time start from patent approval, which means that life of protection for
an on-the-market drug varies a lot.

Best 3 blockbusters on the market (2007):
Lipitor (Pfizer) treats high cholesterol - ~ 13.7 bl $ per year
Plavix (BMS/Sanofi-Aventis) used for heart disease - ~ 8.1 bl $ per year
Advair (GSK) used for Asthma - ~ 7.0 bl $ per year

FDA drug approvals
19 NMEs approved in 2009.

Source: 2009 FDA drug approval
Bethan Hughes,
Nat. Review Drug Discovery Feb Vol. 9 2010
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Drug Discovery & Development
- Some facts -

The patent cliff:

Source: The patent cliff steepens
Harrison C., Nat. Review Drug Discovery Jan Vol. 10 2011
Marco De Vivo

Drug discovery is interdisciplinary!
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