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Predicting protein druggability

Philip J.Hajduk, Jeffrey R. Huth and Christin Tse

The ability to predict whether a particular protein can bind with high affinity and
specificity to small, drug-like compounds based solely on its 3D structure has been a
longstanding goal of structural biologists and computational scientists. The promise
is that an accurate prediction of protein druggability can capitalize on the huge
investments already made in structural genomics initiatives by identifying highly
druggable proteins and using this information in target identification and validation
campaigns. Here we discuss the potential utility of tools that characterize protein
targets and describe strategies for the optimal integration of protein druggability
data with bioinformatic approaches to target selection.

) Recent technological advances in NMR spectroscopy
and X-ray crystallography have dramatically increased
our ability to produce high-resolution 3D structures
of proteins either alone or in complex with natural
and non-natural ligands. In fact, a survey of the
Protein Data Bank (PDB) reveals that there are more
than 7,000 entries for unique eukaryotic and prokary-
otic proteins (http://dunbrack.fccc.edu/PISCES.php).
Although this number is impressive, it still repre-
sents only a fraction of the number of proteins that
are predicted to be in the proteome, which ranges
from ~6000 for prokaryotic organisms to ~30,000
for humans [1]. To close this gap, several structural
genomics initiatives have been launched, with the
aim of providing structural data on a genomic scale
and delineating the total repertoire of protein folds
[2-4] (see also http://www.rcsb.org/pdb/strucgen.html).
Although many facets of high throughput cloning,
expression, purification, and structure determina-
tion have yet to be fully implemented and refined,
these initiatives are already producing hundreds of
structures each year and providing essential data for
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understanding the function of these gene products
in cell biology and disease progression. The availabil-
ity of structural data, especially of proteins complexed
to small molecule ligands, has enabled numerous
analyses that attempt to understand and predict the
forces that govern molecular recognition and ligand
binding [5]. Understanding these principles is impor-
tant not only for biological insight, but also in the
search for drugs that can bind to these proteins with
high affinity and specificity to alter their function
in vivo. To truly exploit the data produced by struc-
tural genomics approaches, it is necessary to rapidly
and quantitatively assess large numbers of proteins
for their potential to be targeted with small molecule
therapeutics.

Target validation in the post-genomics era

Successful drug development requires a disease target
that plays a vital role in the causation and/or pro-
gression of the disease phenotype and that can be mod-
ulated with a drug molecule. In other words, thera-
peutically relevant targets are both ‘disease-modifying’
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GLOSSARY

Druggable binding site

A pocket on a protein surface that can bind with high affinity and specificity to
small, drug-like molecules.

Nondruggable binding site

A pocket on a protein surface that cannot bind with high affinity and specificity to
small, drug-like molecules.

Decoy sites

A pocket on a protein surface that was identified using a computational algorithm
but that does not correspond to the known ligand-binding site(s).

Druggability index

A prediction of a protein’s capacity to bind with high affinity and specificity to
small, drug-like molecules.

NMR hit rate

The frequency with which low molecular weight compounds from a fragment library
bind to a protein as determined using 2D heteronuclear correlation spectroscopy.

and ‘druggable’ [6,7]. With the availability of the complete
genome sequences for more than 100 prokaryotic and
eukaryotic organisms (see www.ncbi.nih.gov/Genomes
and www.tigr.org), we now have unprecedented access to
large numbers of potential therapeutic targets. The ques-
tion that arises is which specific protein targets will be
druggable and disease modifying. It is estimated that ~10%
of the entire human genome is involved in disease onset
or progression [1], resulting in ~3000 potential targets
suitable for therapeutic intervention. Added to these are
the thousands of proteins from microbial and parasitic

organisms, which could be targeted for the treatment of
infectious diseases. Thus, the situation at the moment is not
entirely unrelated to the dilemma illustrated in Figure 1.
With a fixed budget and limited resources, only a fraction
of these potential targets can be tackled at any given time.
As it has been estimated that only several hundreds of the
thousands of potential targets will be druggable and dis-
ease-modifying [1,7], the pharmaceutical industry is faced
with a major challenge to rapidly and reliably identify the
most promising targets for drug discovery efforts.

To discriminate between disease-associated versus disease-
modifying genes, a variety of experimental and computa-
tional tools are being developed [8,9]. Using mouse
models, large-scale genome-wide forward genetics screens
(i.e. disease phenotype to gene), using either chemical
mutagenesis (www.mouse-genome.bcm.tmc.edu/ENU/
ENUHome.asp) or retroviral insertional mutagenesis
(http://rtcgd.ncifcrf.gov), are employed to identify dis-
ease-causing genes. Conversely, large-scale reverse genetic
screens (i.e. gene to disease phenotype) have proven to
be successful in reproducing human disease phenotypes
and are now utilized to identify therapeutically relevant
targets that alter mammalian physiology [10]. The primary
advantage of using animal models is the direct coupling
of target identification and validation in an in vivo
setting. Dramatic progress has also been made using in vitro

cell-based technologies. The discovery of
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small interfering RNA (siRNA) has led to
the development of high-throughput
reverse genetic screens, in which specific
genes are downregulated and the pheno-
type is assessed [11]. Large-scale transfec-
tion screens have also been performed to
identify genes that elicit a transforming
phenotype [12]. All of these methods are
powerful in that they directly establish
causality to the target. In addition to the
above-mentioned functional approaches,
genome-wide gene expression profiling
has become routine in the identification
of target candidates. This approach lever-
ages alterations of gene expression levels
in normal versus disease tissues. Genes
with a high frequency of differential
expression are likely involved in the dis-
ease process and might be amenable to
therapeutic development. In the case of
cancer, genome-wide DNA profiling is
particularly informative, given that cancer-
related genes often reside in recurrent

Gene F l

FIGURE 1

Target selection in the post-genomics era. With the complete sequence of the human genome in hand,
there are now thousands of potential drug targets that can be pursued. However, only a fraction of these
gene products are disease-modifying and vulnerable to intervention with small molecule therapeutics.
With limited resources, pharmaceutical scientists must use all of the tools at their disposal to rapidly a

reliably identify the most promising candidates.
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genetic abnormalities [13].

Predicting protein druggability is another
area that is experiencing tremendous
growth. One approach for evaluating pro-
tein druggability is to analyze the genome
on the basis of sequence homology to
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known therapeutic targets [1]. This bioin-
(a) formatics analysis leverages an InterPro
domain mapping strategy [14], which
leads to an additional set of ~3000 unique
therapeutic targets that comprise the ‘drug-
gable genome’. This includes G-protein
coupled receptors, ion channels, protein
_ kinases, metallopeptidases, proteases, nu-

4 clear hormone receptors, phosphodi-
esterases and other clinically validated tar-
get families. Of course, the pharmaceutically
relevant targets are those that represent
the intersection of the disease-modifying
and druggable target sets. Thus, it is impor-
tant to note that the current estimate for
the druggable genome is based only on
genes with annotated functions, which is
approximately half of the entire human
genome [1]. As such, additional classes of
‘druggable’ families might still be identified.
Moreover, recent breakthroughs in small
molecule disruption of protein—protein
interactions (e.g. pS3-MDM2 [15] and
Bcl-2-Bax [16]) might lead to further
expansion of the ‘druggable’ genome. As
a result, assessing druggability simply by
classify proteins into discrete target fam-
ilies could miss many protein targets that
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2.0 O Druggable ligand-binding sites can be targeted with orally bioavailable,
181 B Nondruggable ligand-binding sites small-molecule drugs to achieve clinical
161 B Decoy sites efficacy in humans.
% 1.4
E 1.2 Predicting protein druggability
%10 " As described above, there is much research
& * x being conducted to identify protein tar-
0-81 gets that are disease-modifying and drug-
0.6 1 gable. In addition to the many experi-
0.4 mental tools to define molecular causation
0.2 of disease onset and progression, new
0.0 . . . . . computational approaches are being devel-
Volume Apolar Roughness Num. of Shape oped that do not target specific protein fam-
contact area charges ilies but instead rely only on the 3D struc-
Drug Discovery Today ture of the protein target itself. Progress
in this field is now enabling systematic
FIGURE 2 analyses of protein surfaces in the search
Identifying and characterizing protein binding sites. Geometry- or energy-based algorithms can be for binding pockets that have high poten-
used to analyze a protein surface and identify potential ligand-binding sites. (a) Example of four protein tial to bind small, drug-like compounds

pockets (shown in colored mesh) identified for the FK-506 binding protein (shown as a cyan ribbon with a with high affinity.
gray surface) using the flood-fill algorithm available within Insightll (Accelrys). The sites depicted in blue
and purple have been successfully utilized in the design of high-affinity ligands [37], whereas it has been

experimentally shown that the red and green pockets do not bind to small, organic molecules [29]. Flndmg protein pockets

(b) Comparison of several pocket parameters derived from 23 protein targets [29]. Druggable sites are The first step in trying to assess the poten-
defined as those for which the known active or ligand-binding site yielded NMR hit rates greater than 0.1%,  tial druggability of a protein is to identify
whereas nondruggable sites yielded lower NMR hit rates. The decoy sites are additional pockets on the all possible binding sites on a protein sur-

same set of proteins that are known not to bind to small, organic molecules. No statistical differences were
observed in any of the parameters analyzed for the druggable and nondruggable ligand-binding sites,

whereas the decoy sites were smaller, less geometrically complex and more elongated (p < 0.05,as have been described that can be broadly
indicated by the asterisks). classified as either geometry-based or

face (Figure 2). Many approaches for this
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FIGURE 3

Predicting protein druggability. Results from receptor-based NMR screening using
a fragment library, in which a collection of low molecular weight compounds (a) is
screened against an isotopically labeled protein [38-40]. The superimposition of 2D
heteronuclear correlation NMR spectra (b) allows the detection of ligand binding.
(c) The observed NMR hit rate is a reliable indicator of protein druggability. (d) Using
these data, a correlation between the NMR hit rate and the apparent druggability of
the protein could be derived, using simple pocket parameters.This algorithm allows
for systematic and quantitative comparisons of protein pockets for potential
druggability. Shown in (e) are the results of druggability indices derived from 1096
nonredundant human proteins, in which the percentage of members of selected
target classes that contain a druggable binding site (‘percent druggable’) is plotted.In
this preliminary analysis, no attempt was made to differentiate the known active or
ligand-binding site, nor was conformational flexibility taken into account.Overall,
35% of the targets in this set contained at least one druggable binding site. Target
classes depicted in green have a higher than average percentage of members with
druggable binding sites, whereas those depicted in red have a lower than average
percentage.The horizontal gray bar represents the average and standard deviation
for the entire dataset.

energy-based algorithms. Geometry-based algorithms, such
as SURFNET [17], LIGSITE [18], APROPOS [19], CAST [20],
PASS [21] and the flood-fill algorithm available within
Insight (Accelrys), all take advantage of the fact that
natural ligand-binding sites tend to be concave invagi-
nations in the protein surface. Another geometry-based
algorithm calculates molecular surface complexity (called
‘roughness’) [22], with the premise that natural ligand-
binding sites tend to be geometrically complex regions of
the protein surface (Figure 2a). Intriguingly, in all of these
reports describing the computational identification of pro-
tein pockets, the known ligand-binding sites were distinct
from other surface cavities on the same proteins. For
example, the ligand-binding site tends to be the largest
[23] or most geometrically complex [22] cavity on the sur-
face (Figure 2b). Energy-based algorithms, such as GRID [24],
vdW-FFT [25], DrugSite [26] and computational solvent
mapping [27,28], incorporate some level of physics into
the pocket identification process by attempting to calcu-
late binding potentials or binding energies. All of these
approaches are successful in ranking the true ligand-binding
site as one of the highest scoring pockets found on the
protein surface.

Finding druggable pockets

Whereas finding the true ligand-binding site(s) is the first
step in predicting protein druggability, the next step is
assessing whether the binding site can bind with high
affinity and specificity small molecule drugs. Unfortunately,
few computational tools exist that can quantitatively
assess a given binding site for its druggability. To capitalize
fully on the information being generated by structural
genomics initiatives, this ability is absolutely crucial.
Although statistically significant differences in size and
complexity exist between a true ligand-binding site and
other sites on a particular protein surface, the picture is
very different when the known ligand-binding sites between
various proteins are compared. This is illustrated in Figure
2b, where various pocket parameters are charted for

druggable binding sites, nondruggable binding sites and
decoy sites (see Glossary). Interestingly, none of the param-
eters is suitable to differentiate between known ligand-
binding sites that can or cannot be targeted with drug-
like molecules [29]. Thus, although the known ligand-binding
site might generally be the largest or most geometrically
complex site on a given protein surface (as indicated by
the statistically significant reduction in volume and
roughness for the decoy sites shown in Figure 2), these
parameters alone are not useful in discriminating between
druggable and nondruggable binding sites between different
proteins.

The most straightforward approach for directly assessing
the druggability of a protein target is to actually perform a
biochemical screen against a large compound collection and
identify the number and types of small molecule hits.
Presumably, those targets that yield multiple, structurally
diverse hits are highly druggable, whereas those that do
not yield any hit are nondruggable. However, one problem
with this approach is ensuring that the compound collec-
tion is large enough to conclude that a target cannot bind
small molecules. Given that the size of the chemical universe
is estimated to be as large as 10%° compounds [30], even a
compound repository of one million compounds reflects
only a minute fraction of the chemical universe. In
addition, deriving true hit rates from HTS data can be con-
founded by the often large number of false positives in
the data [31]. To overcome these problems, we have
recently reported on the use of NMR-based screening with
a diverse fragment library to assess the potential drugga-
bility of protein targets in a reliable way [29]. The use of
2D heteronuclear correlation spectra (Figure 3b) is one of
the most reliable methods for detecting ligand binding
and yields false-negative and false-positive rates close to
zero [32]. In addition, the use of a fragment library of low
molecular weight compounds (e.g. see Figure 3a) reduces
the possible size of the chemical universe by at least ten
orders of magnitude [33,34]. Thus, an NMR-based fragment
screen samples a significantly larger fraction of chemical
diversity space and yields more reliable hit rates than con-
ventional HTS. Using NMR-based screening, we observed
a remarkable correlation between the hit rate from the
fragment screen and the ability to produce high-affinity,
drug-like leads for these proteins (Figure 3c) [29]. Significantly,
some of the protein targets that were ultimately druggable
yielded very low-hit rates from a conventional HTS of sev-
eral hundred thousand compounds. In several of these
cases, as suggested above, chemical matter simply did not
exist in our corporate repository, with the necessary
requirements for high-affinity binding to these proteins.

As an alternative to performing an NMR-based screen
against every potential target, we were also able to derive
‘druggability indices’ from an analysis of the NMR data
and the characteristics of the known ligand-binding sites
(Figure 3d) [29]. Intuitively, it was found that character-
istics such as charge, hydrophobicity, and shape were all
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FIGURE 4

Incorporating druggability indices into target
selection. Numerous target discovery databases
can be analyzed to identify disease-related genes
that are candidates for therapeutic intervention
[e.g.reverse genetic approaches include transgenic
knockouts and siRNA, forward genetic approaches
include chemical and retroviral mutagenesis in mice,
gene expression analyses include cDNA microarrays
and serial analysis of gene expression (SAGE), and
DNA profiling techniques include comparative
genomic hybridization (CGH)]. These genes can
then be analyzed using various molecular tools to
elucidate gene ontology (the biological processes
and molecular functions associated with a particular
gene) and identify those proteins that are involved
in disease onset and progression (disease-modifying
genes).In parallel, structural analyses can be
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initiated of targets for which the structure is known
to identify gene products that are likely to bind

with high affinity to small organic molecules
(druggable targets).In some cases, no pockets will
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be identified for a particular protein, suggesting
that the protein itself is the ligand for another
receptor. Proteins with identifiable pockets can be

_ | Nopockets

! identified

. Not
1 druggable

Druggable,

quantitatively assessed for potential druggability
using the druggability indices described in this
review [29].Targets that are disease-modifying and
contain pockets that are predicted to be highly
druggable should be given highest priority for
further discovery efforts.

from the Protein Data Bank (Figure 3e). In
this preliminary analysis, nearly 35% of
all included entries are predicted to contain
at least one highly druggable binding site.
Protein classes for which a large majority
of the members presents druggable binding
sites were vitamin and steroid receptors,
with 89% and 77% of the members con-
taining druggable pockets, respectively.
Lyases (e.g. decarboxylases, carbonic anhy-
drases and aldolases) were also highly
druggable, with 75% of the members con-
taining druggable pockets. Other protein
classes for which a higher than average
percentage of members contain druggable

disease-modifying
targets

Drug Discovery Today

pockets include oxidoreductases (60%),
lipid- (55%) and nucleotide- (50%) binding
proteins and transferases (50%). It is sig-
nificant to note that, although 44% of

important factors in predicting protein druggability.
Importantly, however, the druggability indices derived
from this work allowed an appropriate weighting of the
various parameters so that quantitative comparisons of
druggability could be made between different proteins.
This allows for a systematic assessment of protein drug-
gability given the 3D structures of the protein targets of
interest. We have calculated the potential druggability of
more than 1000 nonredundant human proteins derived

1680 www.drugdiscoverytoday.com

protein kinases were predicted to contain a
druggable pocket (higher than the average of 35%), the var-
ious conformations available to these proteins (i.e. from
conformational changes upon phosphorylation and the
high variability of several loop regions) immediately sug-
gest the use of multiple crystal structures or the incorpo-
ration of conformational dynamics into the druggability
assessment. Protein classes with the least number of drug-
gable members were proteins that interact with DNA
(14%), RNA (24%) and carbohydrates (17-22%). Surprisingly,
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a substantial number of proteins involved in binding to
other proteins (29%) contained druggable binding sites.
This would suggest that a fair number of targets involved
in protein—protein interactions might in fact be amenable
to treatment with small molecules. Thus, the predicted
druggability indices can be useful in prioritizing particu-
lar targets that would otherwise be avoided and to depri-
oritize targets that simply fall into a favored class.

Putting the tools together

As discussed in this review, there has been a virtual
explosion of genomic and structural information that
promises to revolutionize the way drug discovery is pursued.
To maximize the potential for success, this information
must be appropriately managed and analyzed so that the
best target candidates can be rapidly identified, validated
and incorporated into drug discovery programs. As illus-
trated in Figure 4, a bioinformatics approach could lead to
the rapid identification of high value, therapeutically
relevant targets. In this approach, meta-analyses of multi-
ple genomic datasets (e.g. reverse and forward genetic
screens, gene expression profiling and DNA profiling)
would identify several disease-modifying genes that can
be ranked on the basis of the frequency of the gene(s)
across the datasets. Genes that are represented across mul-
tiple datasets are more likely to be disease modifying,
given that the potential pitfalls of one discovery platform
might be compensated by the strength of another plat-
form(s). Candidate target genes might then be further cat-
egorized by gene function to prioritize those traditionally
considered as druggable. Concurrently, the druggability
indices of the genes that fall through the gene ontology
filter could be directly assessed if sufficiently represented
in the structural databases. Taken together, the utilization

of this two-pronged approach would maximize the iden-
tification of therapeutically relevant targets that are disease-
modifying and druggable, leading to an increased proba-
bility for successful drug discovery.

Conclusions

Finding drugs that are efficacious and safe continues to
be a difficult, multi-faceted process. The ability to assess
protein druggability in a fast and reliable manner is sim-
ply one of many tools that can help to streamline and
enhance this process, especially when effectively inte-
grated with other bioinformatic and experimental approaches
to target identification and validation. That being said,
it is important to realize that these computational and
bioinformatic approaches will most certainly change and
improve over the next few years. Bioinformatic scientists
must identify optimal ways to merge the variable and dis-
parate data that exist in the numerous genomic databases
to capture the most promising candidate proteins. For pre-
dicting protein druggability, issues such as conformational
flexibility will need to be addressed [35] and it can be
envisioned that modified or even new pocket parameters
(such as a more sophisticated treatment of electrostatics
[36]) can enhance the predictive power of the algorithm.
In addition, entire classes of protein targets are not ade-
quately represented in the PDB (e.g. GPCRs), and break-
throughs in the structure determination of these important
proteins will dramatically increase access to therapeutically
relevant targets. Thus, whereas the current tools are rea-
sonably successful in achieving their desired ends, it is
anticipated that future developments will significantly
improve our ability to rapidly and reliably identify drug-
gable, disease-modifying proteins that have high potential
for therapeutic intervention in humans.
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