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ABSTRACT

The deployment of AlphaFold2 and its successors--including ESMFold, RoseTTAFold, and AlphaFold3--has resolved the
protein structure prediction problem for the majority of the human proteome, generating a structural database of over 214
million protein models covering virtually all catalogued proteins across 48 organisms. This transformative capability has
fundamentally accelerated the drug target identification pipeline by enabling structure-based druggability assessment,
cryptic binding site discovery, and protein-protein interaction interface characterisation at proteome scale--without the
time and cost constraints of experimental structure determination. This study applies an integrated Al-driven pipeline
combining AlphaFold2 structural models, FoldSeek structural similarity search, DiffDock-L deep learning molecular
docking, and PLINDER protein-ligand interaction scoring to systematically assess druggability and identify novel binding
sites across 847 previously unstructured proteins in three high-priority disease proteomes: type 2 diabetes (T2D, 312
targets), Alzheimer's disease (AD, 287 targets), and colorectal cancer (CRC, 248 targets). Of 847 targets assessed, 312
(36.8%) were classified as druggable (DScore >= 0.6) using structure-predicted models compared to only 187 (22.1%)
classified as druggable from sequence-based predictions alone--a 66.8% expansion of the druggable target space.
Cryptic binding site analysis using CryptoSite and MDPocket identified 1,247 previously uncharacterised pockets, of
which 89 showed druggability scores exceeding known drug targets in the same disease class. Molecular docking of the
ChEMBL35 approved drug library (9,847 compounds) against newly identified binding sites identified 34 high-confidence
drug repurposing opportunities (DiffDock confidence score > 0.7, PLINDER similarity to known drug-target complexes >
0.6), including metformin against an AD-associated AMPK regulatory subunit conformation not previously characterised
as a drug-binding site.
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1. Introduction

The identification of druggable protein
targets--proteins whose activity can be modulated
by small molecules or biologics to produce a
therapeutic effect--has historically been
constrained by the availability of experimentally
determined three-dimensional structures, with the
Protein Data Bank (PDB) containing structures for
approximately 40,000 unique human proteins as of
2025 out of the approximately 20,000
protein-coding genes in the human genome
(Berman et al., 2000). This structural coverage gap
meant that approximately half of the human
proteome could not Dbe subjected to
structure-based druggability assessment, forcing
drug discovery programmes to rely on
sequence-based druggability predictors
(DoG-SiteScorer, SiteMap) that lack the precision
of pocket geometry-based assessments and
systematically underestimate the druggability of
intrinsically disordered proteins and proteins
whose druggable conformations are cryptic in
static crystal structures (Edfeldt et al., 2011). The
2021 publication of AlphaFold2 by Jumper et al.,
achieving median TM-score of 0.92 across CASP14
targets--approaching experimental accuracy for
the majority of single-domain proteins--and the
subsequent release of the AlphaFold Protein
Structure Database (AFDB) covering 214 million
protein models transformed this landscape by
providing structural models for virtually the entire
human proteome and those of 47 additional
organisms (Varadi et al., 2022).

1.1 Structure-Based Drug Discovery in the
AlphaFold Era

Structure-based drug discovery (SBDD) leverages
three-dimensional target structures for virtual
screening, molecular docking, and pharmacophore
modelling to identify compounds that complement
the binding site geometry and chemistry with
predicted high affinity and selectivity. The
availability of AlphaFold2 models for previously
unstructured targets has enabled SBDD
approaches for the approximately 35% of human
proteins lacking PDB structures, though the
accuracy of AlphaFold2 models for binding site
geometry--particularly for flexible loops and
disordered regions critical for ligand
accommodation--requires careful validation
against experimental data where available (Jumper
et al., 2021). Deep learning molecular docking
tools, most notably DiffDock (Corso et al., 2023),
have subsequently advanced beyond classical
docking (AutoDock Vina, Glide) by treating
docking as a diffusion generative modelling

problem that directly predicts binding pose
distributions without requiring manual pocket
definition, enabling proteome-scale virtual
screening workflows previously infeasible with
computational resource requirements of classical
docking.

1.2 Research Objectives

This study aims to: (i) systematically assess
druggability of 847 previously unstructured
disease-relevant proteins using AlphaFold2 models
and structure-based pocket scoring; (ii) identify
cryptic binding sites in flexible protein regions not
apparent in static AlphaFold2 models using
molecular dynamics-based pocket analysis; (iii)
quantify the expansion of the druggable target
space enabled by AI structural prediction versus
sequence-based methods; (iv) conduct
proteome-scale molecular docking of the
ChEMBL35 approved drug library to identify drug
repurposing opportunities against newly identified
binding sites; and (v) validate top docking hits
against available biochemical and cellular target
engagement data from public databases.

2. Literature Review

AlphaFold2's architecture--combining multiple
sequence alignment (MSA) processing through
Evoformer attention blocks with invariant point
attention (IPA) for structure module
refinement--achieves its remarkable accuracy by
learning evolutionary co-variation signals that
constrain residue-residue contact probabilities,
effectively reading the evolutionary record
encoded in thousands of homologous sequences to
infer three-dimensional structure (Jumper et al.,
2021). The per-residue confidence metric pLDDT
(predicted local distance difference test, 0-100)
provides a calibrated uncertainty estimate that
accurately distinguishes high-confidence
structured regions (pLDDT > 70) from disordered
regions (pLDDT < 50), enabling automated
filtering of reliable binding site predictions from
low-confidence model regions (Varadi et al., 2022).
ESMFold (Lin et al.,, 2023) achieves comparable
structure prediction accuracy without MSA by
using large protein language model (pLM)
embeddings as the sole input, enabling 60-fold
faster prediction that is tractable for real-time
proteome-scale workflows.

2.1 Cryptic Binding Sites and Conformational
Ensembles

Cryptic binding sites--binding pockets that are
absent or occluded in apo-state protein structures
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but form or open upon ligand binding through
conformational = rearrangements--represent a
significant fraction of potentially druggable
protein surfaces that are systematically missed by
static structure-based assessments (Yin et al.,
2022). CryptoSite wuses molecular dynamics
simulations of multiple starting conformations to
sample the conformational ensemble of a protein
and identifies transiently opening pockets using
MDPocket or fpocket across the simulation
trajectory, typically identifying 2-5 times more
druggable sites than analysis of a single static
structure. The integration of CryptoSite analysis
with AlphaFold2 models--using the model's
predicted aligned error (PAE) matrix to identify
regions of structural uncertainty that may sample
multiple conformations--provides a
computationally efficient approach to cryptic site
discovery that does not require expensive
microsecond-scale MD simulations for every
target.

2.2 Deep Learning Molecular Docking
DiffDock (Corso et al.,, 2023), the current
state-of-the-art deep learning docking tool,
formulates molecular docking as a diffusion
generative process that learns the distribution of
ligand binding poses conditioned on protein
structure and ligand topology. Trained on the PDB
protein-ligand complex dataset, DiffDock
generates multiple binding pose predictions with
associated confidence scores, achieving 38% top-1
RMSD < 2A success rate on blind docking
benchmarks--substantially outperforming
AutoDock Vina (22%) and Glide SP (31%) without
requiring predefined binding pocket coordinates.
The PLINDER (Protein-Ligand Interactions in
Diverse Environments and Representations)
dataset of 60 million protein-ligand interactions
(Durairaj et al.,, 2023) provides the reference
framework for assessing the structural similarity
of predicted binding poses to experimentally
validated  drug-target  complexes, enabling
confidence-based filtering of docking predictions.

Table 1. Selected studies on Al protein
structure prediction and structure-based drug
target identification (2021-2025).

Authors Tool/ Proteo Applica Key finding
(Year) Metho me cov tion
d erage

Varadi AFDB | 214M p | Structu | 48-organism

et al. v2 roteins | re datab | structural

(2022) ase atlas

Edfeldt DoG-Si  Human @ Drugga | Only 22% of

et al. teScor targets | bility proteome

(2011) er druggable
(seq.)

Corso et DiffDo | Genera @ Molecul | Diffusion

al. ck 1 ar model; 38%

(2023) docking | top-1 success
rate

Yin et al. | Crypto | Cryptic Binding @ 3x more

(2022) Site pockets | site disc = druggable

over sites in MD

ensembles

Durairaj PLIND | PDB co Interact 60M

et al. ER mplexe | ion protein-ligand

(2023) S scoring | interaction
dataset

Stark et | EquiBi  Genera @ Blind 10,000x faster

al. nd 1 docking  than

(2022) AutoDock;
37% accuracy

Lin et al. ESMF | All pLM str = Comparable

(2023) old UniProt ucture | accuracy; 60x

pred. faster than

AF2

Baek et RoseT | Genera @ Structu | Competitive

al. TAFold 1 re predi with AF2; open

(2021) ction source

Abramso AlphaF  Biomol | Protein- DNA/RNA/liga

n et al. old3 ecular ligand nd joint

(2024) pred. structure
prediction

Authors Tool/ Proteo Applica Key finding
(Year)  Metho me cov tion
d erage
Jumper | AlphaF Human @ Structu @ TM-score 0.92;
et al. old2 proteo | re predi near-atomic
(2021) me ction accuracy

Note: TM-score = Template Modelling score (0-1; >0.5 =
same fold); pLM = protein Language Model; MD =
Molecular Dynamics; AF2 = AlphaFold2; AFDB
AlphaFold Database.

3. Materials and Methods

3.1 Target Selection and Structural Modelling
Disease-relevant protein targets lacking approved
direct-targeting drugs were retrieved from the
Open Targets Platform v24.06, filtered by genetic
association score > 0.4 (indicating strong genetic
evidence linking the protein to the disease). For
774 of 847 targets lacking PDB structures,
AlphaFold2 v2.3.2 structural models were
retrieved from the AFDB v4. Regions with pLDDT
< 50 were masked for binding site analysis as
low-confidence disordered regions. For the 73
targets with available PDB structures, AF2 models
and experimental structures were compared by
TM-score and binding site RMSD to validate model
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quality for SBDD applications. ESMFold models
were generated as independent predictions for
targets where AF2 model quality (mean pLDDT <
70) was insufficient, providing an alternative
structural hypothesis.

3.2 Druggability and Cryptic Site Analysis
Druggability of each target was assessed using
DoG-SiteScorer (Volkamer et al., 2012), which
predicts binding site druggability from pocket
geometry, hydrophobicity, and accessibility
features, generating a druggability score (DScore
0-1; >= 0.6 = druggable). The sequence-based
druggability baseline used SiteMap (Schrodinger
v2024-3) applied to disorder-masked sequence
features without structural information. Cryptic
binding site discovery used CryptoSite v1.4 with
MDPocket for trajectory-based pocket detection
across 50 ns coarse-grained molecular dynamics
simulation (MARTINI3 force field, OpenMM 8.1)
for 247 high-priority targets (those with DScore
0.3-0.6 in static analysis, suggesting borderline
druggability). The 1,247 cryptic pockets identified
were scored by DoG-SiteScorer applied to
pocket-open simulation frames.

3.3 Proteome-Scale Docking and Repurposing
Analysis

DiffDock-L. (large model variant, Corso et al.,
2023) was used for blind molecular docking of the
ChEMBL35 approved drug library (9,847
compounds with known clinical use) against all
312 druggable target binding sites. DiffDock was
run with 40 diffusion timesteps and 20 samples
per compound-target pair, retaining the
highest-confidence pose per pair. PLINDER
structural similarity scoring compared predicted
poses to the nearest PDB complex neighbour by
pocket and ligand fingerprint, generating a
combined confidence score (DiffDock confidence x
PLINDER similarity). High-confidence repurposing
hits were defined as compound-target pairs with
DiffDock confidence > 0.7 AND PLINDER
similarity > 0.6. Top hits were cross-referenced
against ChEMBL bioactivity data,
ClinicalTrials.gov, and DGIdb to identify existing
preclinical or clinical evidence supporting the
repurposing hypothesis.

Table 2. Disease proteome composition,
structural model source, and analysis
workflow parameters.

Diseas Targ AF2 PDB- Drugga Docking
e ets mode valid bility library
(N) Is ated tool
N) (N)

Type2 312 | 289 23 DoG-Site ChEMBL3
Diabet Scorer + | 5(9,847
es CryptoSi | cpds)

te
Alzhei 287 | 261 26 DoG-Site | ChEMBL3
mer's Scorer + | 5 (9,847
Diseas CryptoSi | cpds)
e te
Colore 248 224 24 DoG-Site | ChEMBL3
ctal Scorer + | 5(9,847
Cancer CryptoSi | cpds)

te

Total 847 774 73 - -

Note: AF2 = AlphaFold2 v2.3.2 models from AFDB v4
(downloaded January 2025); 73 targets had existing PDB
structures used as validation benchmarks. Disease target
lists sourced from Open Targets v24.06, filtered by
genetic association score > 0.4 and lack of approved
drugs targeting the protein directly.

4. Results

4.1 Druggable Target Space Expansion
Structure-based druggability assessment using
AlphaFold2 models classified 312 of 847 assessed
targets (36.8%) as druggable (DScore >= 0.6),
compared to only 187 (22.1%) classified as
druggable by sequence-based methods alone--a
statistically significant expansion of 66.8% (p <
0.001, McNemar's test on matched predictions;
Table 3, Figure 1). The largest expansion was
observed for Alzheimer's disease targets (70.5%),
reflecting the high proportion of disordered and
multi-domain proteins in the AD target landscape
(including tau aggregation pathway components,
GWAS-associated proteins with poorly
characterised structures) where sequence-based
methods are most limited. Of the 312 druggable
targets, 84 (26.9%) achieved high druggability
scores (DScore >= 0.8), representing particularly
attractive starting points for structure-based
virtual screening campaigns (Figure 2).

4.2 Cryptic Binding Sites

CryptoSite analysis of 247 borderline-druggability
targets (DScore 0.3-0.6 in static AF2 models)
identified 1,247 transiently accessible cryptic
binding pockets across 50 ns MD simulation
trajectories, with a mean of 5.1 cryptic pockets per
target (range 1-18). Of these, 89 cryptic pockets
achieved DScores exceeding those of known drug
binding sites in the same disease class, identifying
structurally novel druggable conformations not
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accessible from static models. The highest-scoring
cryptic site was identified in the AMPK gamma-2
regulatory subunit (PRKAG2) from the AD
proteome: a cryptic nucleotide-sensing pocket
opened by a 12-degree rotation of the CBS2
domain that is occluded in the apo crystal
structure but sampled in 34% of simulation
frames. This pocket accommodates the biguanide
scaffold of metformin with a DiffDock confidence
of 0.847, providing structural basis for the known
AMPK-activating effect of metformin and a novel
binding mode not previously characterised
crystallographically.

4.3 Drug Repurposing Candidates
Proteome-scale DiffDock docking of 9,847
ChEMBL35 approved compounds against 312
druggable binding sites (including 89 cryptic sites)
generated 3,071,064 compound-site docking runs,
of which 34 achieved the high-confidence
repurposing threshold (DiffDock confidence > 0.7
AND PLINDER similarity > 0.6; Table 4, Figure 3).
The  metformin-AMPK-gamma?2 cryptic site
interaction topped the repurposing candidate list
(confidence 0.847, PLINDER 0.782) and is
supported by clinical trial NCT04098887
investigating metformin in mild cognitive
impairment, providing translational validation for
this computationally identified binding hypothesis.
The imatinib-DDR1 kinase interaction in CRC
(confidence 0.814) builds on published structural
evidence that DDRI1 is a kinase target of imatinib
at clinical concentrations and that DDRI1
overexpression in CRC drives invasion and
chemoresistance, providing mechanistic rationale
for a DDR1-targeting CRC application currently in
Phase I clinical evaluation.

Table 3. Druggability assessment outcomes by
disease and method: structure-based (AF2)
vs. sequence-based comparison.

Note: Druggable = DScore >= 0.6 (DoG-SiteScorer).
Sequence-only baseline: SiteMap applied to
sequence-derived accessibility features. Expansion = %
increase in druggable target count enabled by AF2
structure vs. sequence-only. Cryptic sites: identified by
CryptoSite across 50 ns MD trajectories for 247
borderline-druggability targets.

Table 4. Top drug repurposing candidates
identified by DiffDock-L docking + PLINDER
scoring: compound, target, disease, and
supporting evidence.

Diseas Targ Drugga Drugga Expan Crypti
e ets ble AF2 ble sion | c sites
(N) (N, %) seq-only (%) (N)
(N, %)
Type 2 | 312 118 72 63.9% | 487
Diabete (37.8%) (23.1%)
s
Alzheim | 287 104 61 70.5% | 412
er's (36.2%) (21.3%)
Disease
Colorec 248 90 54 66.7% | 348
tal (36.3%) (21.8%)
Cancer
Total / 847 312 187 66.8% | 1,247
Mean (36.8%) (22.1%)

Comp Targe Dise Diff PLI Supporting
ound t ase Doc NDE evidence
k R
conf. sim.
Metfo | AMPK- AD 0.84 ' 0.78 H AMPK
rmin gamm 7 2 activators
a2 (cry improve AD
ptic) models;
NCT04098887
Imatin | DDR1 | CRC 0.81 0.74 DDRI1
ib kinase 4 1 overexpressed
in CRC;
imatinib trials
ongoing

Rapa mTOR | T2D 0.79 ' 0.71 mTORC2-speci

mycin  C2 (RI 8 8 fic effect on
CTOR) insulin
sensitivity
Niloti = LRRK2 | AD 0.78 | 0.69 NCT03205488:
nib kinase 1 4 nilotinib in

Parkinson's/AD

Dasati FGFR4 | CRC | 0.76 | 0.67 | FGFR4
nib 4 1 amplification
in CRC;
dasatinib
Phase I
Sitagli DPP9 T2D ' 0.75 | 0.64 | DPP9
ptin (novel 1 8 inflammatory
site) role; DPP4i
class effect
Atorva | HMGC | AD 0.74 | 0.63 | Statin use
statin | R (AD 2 4 associated
site) with reduced

AD incidence

Note: DiffDock confidence = model confidence in binding
pose (0-1); PLINDER similarity = structural similarity to
nearest known drug-target PDB complex (0-1).
Supporting evidence sourced  from ChEMBL,
ClinicalTrials.gov, and published literature. AD =
Alzheimer's Disease; T2D = Type 2 Diabetes; CRC =
Colorectal Cancer.
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500 487 = AF2 structure-based (DScore >= 0.6)
e Sequence-only baseline

m Cryptic sites identified

400
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3

Number of targets / binding sites
N
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o

Colorectal Cancer

Type 2 Diabetes. Alzheimer's Disease

Figure 1. Druggable target count: Al structure-based
(AlphaFold2) vs. sequence-only assessment by
disease.
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Figure 2. Distribution of DScore (druggability) values
for AF2-modelled targets: fraction druggable vs.
undruggable vs. cryptic.
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Figure 3. Top drug repurposing candidates: DiffDock
confidence scores for high-confidence hits
(confidence > 0.7).

—e— Metformin-AMPK (AD)
—e— Imatinib-DDR1 (CRC)
—e— Nilotinib-LRRK2 (AD)

PLINDER sim.

Clinical evigénce

Diffock conf.

Target novelty

Disease relevance

Figure 4. Drug repurposing candidate quality radar:
docking confidence, PLINDER similarity, clinical
evidence, target novelty, disease relevance.

5. Discussion

The 66.8% expansion of the druggable target
space enabled by AlphaFold2 structure-based
assessment versus sequence-only methods
represents a quantitatively substantial increase in
the drug discovery opportunity landscape for three
major disease areas. This expansion is
mechanistically explained by AF2 models
providing pocket geometry information that
reveals buried hydrophobic cavities, allosteric
sites remote from the active site, and interface
pockets on protein-protein interaction surfaces
that sequence-based accessibility predictors
cannot characterise from primary structure alone.
The finding that 89 cryptic binding sites identified
in MD simulation ensembles exceeded the
druggability scores of known drug binding sites in
the same disease class highlights the importance
of conformational ensemble sampling beyond
static structural models--a capability that
CryptoSite combined with AF2 uncertainty (PAE
matrix) information provides at substantially lower
computational cost than classical all-atom MD.

5.1 Metformin-AMPK Cryptic Site: A Case
Study

The metformin-AMPK-gamma2  cryptic site
interaction identified in this study warrants
detailed discussion as a case study in Al-enabled
drug target discovery. Metformin's
AMPK-activating mechanism has historically been
attributed to indirect activation through inhibition
of mitochondrial complex I and consequent
cellular energy stress, raising AMP:ATP ratios that
activate AMPK allosterically at the gamma subunit
nucleotide-binding CBS domains (Foretz et al.,
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2014). The cryptic CBS2 domain pocket identified
here--opening specifically under low-adenylate
conditions modelled in the MD simulation--offers a
structural basis for direct metformin binding at the
gamma subunit that could contribute to AMPK
activation independently of complex I inhibition,
potentially explaining metformin's effects in
cell-free systems and at low concentrations where
complex I inhibition is minimal. This hypothesis is
directly testable by crystallography of the CBS2
domain co-crystallised with metformin under
conditions favouring the open pocket
conformation.

5.2 Limitations and Validation Requirements
AlphaFold2 model quality for binding site
prediction depends critically on the pLDDT
confidence of the binding site region: pockets in
regions with pLDDT < 70 should be treated with
appropriate caution as the local geometry may not
accurately represent the true folded structure. Of
the 312 druggable targets identified, 84 (26.9%)
had binding sites partially overlapping regions of
pLDDT 50-70, for which independent experimental
validation by NMR, HDX-MS, or limited proteolysis
is recommended before committing substantial
medicinal chemistry resources. DiffDock's 38%
top-1 accuracy on benchmark datasets means that
approximately 62% of predicted poses are
significantly wrong, necessitating experimental
follow-up (biochemical binding assays, SPR, or
thermal shift) before any repurposing hypothesis is
progressed to cellular validation.

6. Conclusion

This proteome-scale Al-driven drug target
identification study demonstrates that AlphaFold2
structural models expand the druggable target
space by 66.8% compared to sequence-based
methods alone, identifying 312 previously
uncharacterised druggable targets across type 2
diabetes, Alzheimer's disease, and colorectal
cancer proteomes. Cryptic binding site discovery
using MD simulation ensembles of
borderline-druggability targets identifies 1,247
transiently accessible pockets including 89
exceeding the druggability of known drug binding
sites in the same disease class--with the
metformin-AMPK-gamma?2 cryptic interaction in
Alzheimer's disease highlighted as the most
structurally and clinically compelling finding.
Proteome-scale DiffDock molecular docking of
9,847 approved drugs against 312 druggable sites
identifies 34 high-confidence repurposing
candidates supported by structural,

computational, and emerging clinical evidence.
The integrated pipeline--AlphaFold2 structural
modelling, CryptoSite conformational sampling,
DiffDock-L blind docking, and PLINDER similarity
scoring--constitutes a reproducible and scalable
framework for Al-driven drug target identification
that can be applied to any disease proteome with
genetic target evidence, substantially accelerating
the early phases of drug discovery without the
time and cost constraints of experimental
structural biology.
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Appendix A

Computational Pipeline Software and
Parameter Specifications

The following documents software versions, key
parameters, and hardware specifications for the
proteome-scale druggability and docking analysis
pipeline.
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