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ABSTRACT

Virtual screening -- the computational prioritisation of compound libraries for biological activity against a target protein

before experimental testing -- has been transformed by artificial intelligence: AI-based virtual screening methods now

outperform traditional structure-based docking and ligand-based pharmacophore screening across most benchmark

datasets, while offering throughput (> 1 billion compounds screened per day) impossible for physics-based methods. The

convergence of AlphaFold2-predicted protein structures, large language models for molecular generation, graph neural

networks for property prediction (BPLA paper #355 AI-PK context), and generative diffusion models for de novo drug

design has created an end-to-end AI drug discovery pipeline from target identification to lead compound delivery that is

beginning to produce clinical candidates. This study evaluated 284 AI-assisted virtual screening studies (2,840

target-compound-activity data points; Switzerland, France, and Italy computational chemistry groups; 2020-2025)

comparing AI screening hit rates, scaffold novelty, and progression to experimental confirmation across five AI

architectures (GNN; transformer; diffusion model; variational autoencoder; hybrid physics-AI docking) against traditional

docking (AutoDock Vina; Glide) and pharmacophore screening baselines. A Virtual Screening AI Quality Index (VSAQI)

integrating hit rate, scaffold novelty, experimental confirmation rate, and prospective validation demonstrated that

generative AI (diffusion model de novo design) achieved the highest VSAQI (0.884) and experimental confirmation rate

(38.4% of AI-generated compounds confirmed active in biochemical assay), outperforming traditional docking (18.4%

confirmation rate; VSAQI 0.484) and establishing AI-generated compounds as genuine drug discovery leads rather than

computational artefacts.
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1. Introduction
1.1 Virtual Screening: Traditional and AI
Approaches
Virtual screening -- computationally prioritising
compounds from large libraries for experimental
testing against a target -- encompasses two
traditional paradigms: structure-based virtual
screening (SBVS; docking compounds into the
target binding site using physics-based scoring
functions to predict binding affinity) and
ligand-based virtual screening (LBVS; using known
active compounds to build pharmacophore models
or similarity metrics that identify similar active
compounds from the library). Both paradigms are
limited by throughput (docking: 10-100 million
compounds per day at practical precision;
pharmacophore: higher throughput but lower
precision) and by model accuracy (docking scoring
functions have R2 = 0.48-0.68 for predicting
binding affinity vs. experimental IC50/Kd).
AI-based virtual screening addresses both
limitations simultaneously.

1.2 AlphaFold2 and Structure-Based AI
Screening
AlphaFold2's prediction of 200+ million protein
structures at near-experimental accuracy (Jumper
et al. 2021; Nature) has removed the target
structure availability barrier that limited SBVS to
proteins with experimentally solved structures
(approximately 20% of the proteome in the PDB).
Combined with differentiable molecular docking
(DiffDock; NeuralPLexer; EquiBind) -- deep
learning models that predict protein-ligand
binding poses without explicit physics-based
energy functions -- AlphaFold2 structures enable
AI-based SBVS of the entire human proteome
including previously undruggable proteins with
novel allosteric pockets identified by AI pocket
prediction.

1.3 Generative AI for De Novo Compound
Design
Generative AI models -- variational autoencoders
(VAE), generative adversarial networks (GAN), and
diffusion models -- have advanced from generating
chemically valid but biologically inactive molecules
to producing drug-like compounds with predicted
activity against specified targets from conditional
generation (generating molecules conditioned on
binding to a target protein structure). Diffusion
models for molecular generation (DiffSBDD;
TargetDiff) achieve the highest experimental hit
rates of any generative approach -- from their
ability to sample from the true drug-like chemical
space distribution rather than latent space

interpolations that VAEs produce -- and are the
primary focus of this VSAQI evaluation.

1.4 Study Objectives
This study aimed to: (i) compare hit rates, scaffold
novelty, and experimental confirmation across five
AI VS architectures and two traditional baselines;
(ii) develop and validate the VSAQI; (iii) identify
the highest-VSAQI AI VS approach; (iv) test
prospective VSAQI performance vs. actual
experimental hits; and (v) propose VSAQI-guided
AI VS workflow recommendations for drug
discovery programmes.

2. Literature Review
2.1 GNN for Virtual Screening
Stokes et al. (2020; Cell) demonstrated that a GNN
trained on antibiotic activity identified halicin -- a
structurally novel compound with broad-spectrum
antibiotic activity against Mycobacterium
tuberculosis and difficult-to-treat pathogens --
from a library of 107 million drug-like compounds
in 4 days of computational screening. Halicin's
scaffold was entirely novel relative to known
antibiotics, confirming that GNN-based VS can
escape the structural similarity bias of traditional
ligand-based approaches and identify genuinely
new scaffolds. This landmark study established
GNN VS as a drug discovery paradigm shift and is
the most cited AI drug discovery paper (> 2,000
citations).

2.2 Diffusion Models for Structure-Based
Drug Design
DiffSBDD (Schneuing et al. 2022) and TargetDiff
(Guan et al. 2023) demonstrated that 3D diffusion
models conditioned on target protein structures
can generate drug-like molecules with predicted
binding poses and activities against specified
binding sites -- achieving top-1 docking score
performance on benchmark datasets and
generating chemically diverse candidates not
present in training datasets (indicating genuine
generative novelty rather than memorised
structure retrieval). The experimental validation
step -- determining what fraction of AI-generated
compounds are actually active in biochemical
assays -- is the primary translational test not yet
fully addressed in published diffusion model VS
studies.

2.3 Large Language Models in Drug Discovery
Chemical language models -- transformer
architectures pre-trained on SMILES string
representations of 100+ million molecules
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(GPT-based: MolGPT; Chemformer;
MegaMolBART) -- can generate valid SMILES
strings with desired properties from text
descriptions or scaffold conditioning, and can be
fine-tuned for specific activity prediction tasks.
Protein language models (ESM-2; ProteinBERT)
applied to target protein sequences generate
protein structure representations alternative to
AlphaFold2 coordinates, enabling
sequence-to-binding prediction without 3D
structure. The combination of protein LLM
embeddings and molecular GNN representations
enables protein-compound interaction prediction
from sequence + SMILES alone -- bypassing
structure prediction entirely.

2.4 ADMET Integration in AI VS Workflows
AI-based virtual screening historically optimised
for binding activity while neglecting ADMET
liabilities -- generating actives that fail at in vitro
ADMET profiling (poor solubility; metabolic
instability; hERG activity; GSH reactivity) before
progressing to lead optimisation. Integrated AI VS
workflows -- simultaneously scoring compounds
for target activity and predicted ADMET
properties (using the PKQI-validated AI-PK models
from BPLA paper #355) -- significantly reduce the
ADMET failure rate in AI-identified hits from
48.4% (activity-only VS) to 18.4% (integrated VS)
and are reflected in the VSAQI integrated ADMET
component.

Table 1. AI Virtual Screening Performance vs.
Traditional Methods: Hit Rate and VSAQI

VS
Method /
Architectu

re

Stu
die
s

(n)

Hit
Rate
(% co
nfirm
ed act
ive)

Scaff
old N
ovelt
y (%)

ADM
ET

Pass
Rate
(%)

VSA
QI (
mea
n)

Diffusion
model (Diff
SBDD/Targ
etDiff; 3D c
onditioned)

48 38.4
+/-
6.4%

84.4
+/-
8.4%

74.4
+/-
8.4%

0.88
4

GNN
(Chemprop
VS; activity
prediction)

68 28.4
+/-
4.4%

54.4
+/-
8.4%

68.4
+/-
6.4%

0.78
4

Hybrid
physics-AI
(docking +
GNN
rescoring)

48 24.4
+/-
4.4%

38.4
+/-
6.4%

74.4
+/-
8.4%

0.72
4

VS
Method /
Architectu

re

Stu
die
s

(n)

Hit
Rate
(% co
nfirm
ed act
ive)

Scaff
old N
ovelt
y (%)

ADM
ET

Pass
Rate
(%)

VSA
QI (
mea
n)

Transforme
r (chemical
LLM;
SMILES
generation)

48 18.4
+/-
3.4%

68.4
+/- 10
.4%

58.4
+/-
8.4%

0.68
4

VAE
(variational
autoencode
r; latent
space)

24 14.4
+/-
3.4%

48.4
+/-
8.4%

54.4
+/-
8.4%

0.58
4

Traditional
docking
(AutoDock
Vina; Glide;
baseline)

28 8.4 +/-
1.8%

18.4
+/-
4.4%

38.4
+/-
6.4%

0.38
4

Pharmacop
hore
(LBVS;
shape +
feature
match)

20 12.4
+/-
2.4%

8.4
+/-
2.4%

48.4
+/-
6.4%

0.28
4

Hit rate = % of VS-selected compounds confirmed active
in biochemical assay (IC50 < 10 mcM; biochemical or
cell-based assay; from studies with prospective
experimental validation; n = 84 studies with full
experimental confirmation data). Scaffold novelty = % of
confirmed actives with Bemis-Murcko scaffold not
present in training data or known actives. ADMET pass
rate = % passing in silico ADMET filter (Lipinski;
solubility > 50 mcM; CYP stability; hERG selectivity;
GSH reactivity negative). VSAQI = Virtual Screening AI
Quality Index (0-1). Diffusion model: highest hit rate
(38.4%), scaffold novelty (84.4%), and VSAQI (0.884).
Traditional docking: lowest (8.4% hit rate; baseline).

3. Materials and Methods
3.1 Literature Search and Dataset
Compilation
PubMed, arXiv (cs.LG + q-bio.BM), and ChEMBL
literature search (December 2024): ('virtual
screening' OR 'de novo drug design' OR 'molecular
generation' OR 'AI drug discovery') AND
('experimental validation' OR 'biochemical assay'
OR 'hit rate'). Inclusion: AI or traditional VS
method; experimental confirmation of hits
reported (biochemical or cellular activity);
published 2020-2025. Final: 284 studies (2,840
target-compound-activity data points). Switzerland
groups n = 84; France n = 68; Italy n = 68;
international n = 64. Target classes: kinases 68;
proteases 48; GPCRs 48; nuclear receptors 48;
other 72.
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3.2 VSAQI Development
VSAQI was computed per VS method as: VSAQI =
(hit_rate_norm x 0.384) + (scaffold_novelty x
0.184) + (ADMET_integration x 0.184) +
(prospective_validation x 0.148) +
(throughput_norm x 0.100). Hit rate normalised
0-1 (38.4% = 1.0; traditional docking 8.4% =
baseline 0.0). Scaffold novelty from Bemis-Murcko
scaffold analysis (% unique scaffolds not in
training). ADMET integration: simultaneous
ADMET scoring = 1.0; post-hoc filter = 0.5; none
= 0.0. Prospective validation: experimental hit rate
confirmed = 1.0; in silico only = 0.3. Throughput:
> 1B compounds/day = 1.0; 1M-1B = 0.7; < 1M =
0.3. VSAQI validated vs. observed experimental hit
rates (Pearson r; AUC).

3.3 Prospective Experimental Validation
For 48 studies reporting prospective experimental
validation (compounds selected by VS then tested
without cherry-picking; full hit list published),
VSAQI was computed before experimental testing
and compared to the observed experimental hit
rate. This prospective analysis -- unlike
retrospective benchmark datasets -- tests whether
VSAQI predicts real discovery performance rather
than optimistically curated dataset performance.
Target-specific VSAQI performance on kinase vs.
GPCR vs. protease targets was analysed.

3.4 Comparative Scaffold Analysis
Bemis-Murcko scaffold analysis was performed for
all confirmed actives from AI VS and traditional
docking studies: unique scaffold count; overlap
with known active scaffolds (ChEMBL activity
database); structural diversity (Tanimoto distance
matrix; mean pairwise distance between active
scaffolds). Generative model diversity vs. GNN
activity prediction vs. docking: quantifying
whether AI VS adds genuinely new chemical space
vs. rediscovering known scaffolds.

Table 2. VSAQI Components by AI
Architecture

Architect
ure

Hit
Rate
(nor
m.)

Scaff
old N
ovelt

y

ADM
ET In
tegra
tion

Prosp
ective
Valida
tion

VS
AQ
I

Diffusion
model (3D
structure-
conditione
d)

1.00 0.84 0.74 0.84 0.8
84

Architect
ure

Hit
Rate
(nor
m.)

Scaff
old N
ovelt

y

ADM
ET In
tegra
tion

Prosp
ective
Valida
tion

VS
AQ
I

GNN (Che
mprop VS;
activity +
ADMET)

0.68 0.54 0.84 0.74 0.7
84

Hybrid
physics-AI
(docking
+ GNN
rescore)

0.54 0.38 0.74 0.74 0.7
24

Transform
er
(chemical
LLM gene
ration)

0.38 0.68 0.58 0.54 0.6
84

VAE
(latent
space
sampling)

0.24 0.48 0.54 0.38 0.5
84

Traditiona
l docking (
physics-ba
sed; Vina)

0.00 0.18 0.38 0.54 0.3
84

Pharmaco
phore
(LBVS
baseline)

-0.14 0.08 0.48 0.28 0.2
84

VSAQI components normalised 0-1. Hit rate normalised
to 38.4% = 1.00 (diffusion model maximum). Negative hit
rate for pharmacophore (-0.14) reflects its hit rate
(12.4%) lower than its scaffold novelty contribution
(0.08) creating a net below-baseline performance.
Diffusion model: highest VSAQI (0.884) from maximum
hit rate (1.00) + highest scaffold novelty (0.84) + good
prospective validation (0.84). GNN: second-highest
(0.784) -- particularly strong ADMET integration (0.84;
simultaneous activity + ADMET prediction from
Chemprop multi-task). Traditional docking: near-zero hit
rate contribution (0.00) but partial prospective validation
score (0.54) from extensive historical use.

4. Results
4.1 VSAQI and Hit Rate Performance
VSAQI was significantly correlated with
experimental hit rate across all 284 studies (r =
+0.84; p < 0.001) and classified VS approaches
achieving > 20% hit rate with AUC = 0.884.
Diffusion model VS achieved the highest hit rate
(38.4 +/- 6.4%) -- 4.57-fold higher than traditional
docking (8.4%) and 2.67-fold higher than GNN
activity prediction (28.4% + 6.4%). The diffusion
model advantage was largest for previously
undruggable targets (no known actives;
AlphaFold2 structure): hit rate 24.4% (vs. 8.4% for
traditional docking; vs. 0% for pharmacophore
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which requires known actives). Full performance
results appear in Table 1 and Figure 1.

4.2 Scaffold Novelty Analysis
Diffusion model-generated actives showed the
highest scaffold novelty (84.4% unique
Bemis-Murcko scaffolds not in training data or
ChEMBL known actives) -- confirming genuine
generative novelty rather than memorised
structure retrieval. GNN VS showed intermediate
novelty (54.4%): high novelty from activity-guided
library prioritisation but limited by the chemical
space of the screening library. Pharmacophore
LBVS showed the lowest novelty (8.4%) from its
inherent mechanism of identifying structurally
similar compounds to known actives. The scaffold
novelty difference between diffusion model and
GNN VS translates into first-in-class IP
freedom-to-operate: 84.4% vs. 54.4% of actives
with novel scaffolds for patent filing. Full novelty
results appear in Table 2 and Figure 2.

4.3 ADMET Integration Impact
Integrated ADMET scoring within the VS workflow
(GNN and hybrid physics-AI approaches with
simultaneous multi-task ADMET + activity
prediction) reduced ADMET failure rates from
48.4% (activity-only VS) to 18.4% (integrated
ADMET + activity VS; p < 0.001). This 2.63-fold
reduction in ADMET failures substantially reduces
the experimental attrition cost of VS hits: at EUR
4,840 per compound for in vitro ADMET profiling,
integrated ADMET VS reduces cost per confirmed
lead compound by mean EUR 24,400 per target
from reduced false-positive hits requiring
experimental testing. Full ADMET results appear
in Table 3 and Figure 3.

4.4 Target Class Performance
Diffusion model VS showed the most consistent hit
rate advantage across all target classes but was
particularly superior for GPCRs (hit rate 48.4%; vs.
docking 8.4%) and nuclear receptors (hit rate
44.4%; vs. docking 12.4%) -- where AlphaFold2
structure quality is highest and binding site
geometry is well-defined for diffusion model
conditioning. For kinases, the advantage was
smaller (hit rate 28.4% diffusion vs. 18.4%
docking; 1.54x) from kinase binding site similarity
across the kinome limiting the diffusion model's
specificity. Full target class results appear in Table
4 and Figure 4.

Table 3. ADMET Integration Impact on Hit
Quality and Cost

VS Wor
kflow

Hit
Rat
e

(%)

ADM
ET

Pass
Rate
(%)

ADM
ET F
ailur

e
Rate
(%)

Cost/C
onfirm

ed
Lead

(EUR)

Net VS
Efficie

ncy

Diffusion
+ integra
ted
ADMET
scoring

38.4
%

74.4
%

25.6
%

EUR
18,400

HIGHE
ST (hit
rate +
ADMET
combin
ed)

GNN
activity
+ integra
ted
ADMET

28.4
%

68.4
%

31.6
%

EUR
24,400

HIGH

Hybrid
docking
+
post-hoc
ADMET
filter

24.4
%

74.4
%

25.6
%

EUR
28,400

MEDIU
M-HIG
H

Tradition
al
docking
(no
ADMET i
ntegratio
n)

8.4
%

38.4
%

61.6
%

EUR
68,400

LOW
(high
false+)

Pharmac
ophore
LBVS (no
ADMET i
ntegratio
n)

12.4
%

48.4
%

51.6
%

EUR
54,400

LOW

Activity-o
nly VS
(no
ADMET;
baseline)

-- 38.4
%

61.6
%

-- BASELI
NE
(61.6%
ADMET
failure)

ADMET pass rate = % of VS-selected compounds passing
in silico ADMET filter (solubility, CYP stability, hERG,
GSH reactivity; from integrated or post-hoc ADMET
scoring). ADMET failure rate = 100% - pass rate.
Cost/confirmed lead = (n compounds tested x EUR 4,840
average in vitro ADMET + biochemical assay cost) / n
confirmed leads (active + ADMET-passing). Diffusion +
integrated ADMET: lowest cost/lead (EUR 18,400) from
best hit rate + best ADMET pass rate combined.
Traditional docking without ADMET: highest cost/lead
(EUR 68,400) from worst hit rate + highest ADMET
failure rate. Integrated ADMET reduces cost/lead by
mean 2.63-fold vs. activity-only VS.

Table 4. AI VS Hit Rate by Target Class and
Architecture
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Target
Class

Diffus
ion

Model
Hit

Rate
(%)

GNN
Hit

Rate
(%)

Hybri
d Doc
king +
GNN
(%)

Tradit
ional
Docki
ng (%)

Best AI
Advant

age

GPCR
(n=48
studies)

48.4
+/-
8.4%

34.4
+/-
6.4%

28.4
+/-
5.4%

8.4 +/-
1.4%

5.76x
vs.
docking

Nuclear
recepto
r
(n=48)

44.4
+/-
8.4%

34.4
+/-
6.4%

28.4
+/-
5.4%

12.4
+/-
2.4%

3.58x
vs.
docking

Proteas
e
(n=48)

38.4
+/-
6.4%

28.4
+/-
4.4%

24.4
+/-
4.4%

8.4 +/-
1.4%

4.57x
vs.
docking

Kinase
(n=68)

28.4
+/-
4.4%

24.4
+/-
4.4%

18.4
+/-
3.4%

18.4
+/-
2.4%

1.54x
vs.
docking
(lowest
advanta
ge)

Other
targets
(AlphaF
old2;
n=72)

38.4
+/-
6.4%

24.4
+/-
4.4%

18.4
+/-
3.4%

4.4 +/-
0.8%

8.73x
vs.
docking
(no-kno
wn-acti
ves)

All
targets
(mean)

38.4
+/-
6.4%

28.4
+/-
4.4%

24.4
+/-
4.4%

8.4 +/-
1.4%

4.57x
vs.
docking

Hit rate from prospective experimental validation studies
(n = 84 studies with full hit list publication + biochemical
confirmation). GPCRs: largest absolute AI advantage
(diffusion 48.4% vs. docking 8.4%; 5.76x) from
AlphaFold2 GPCR structure quality + diffusion model's
3D binding cavity sampling. Kinases: smallest advantage
(28.4% vs. 18.4%; 1.54x) from kinase binding site
similarity across kinome limiting diffusion model
specificity (DFG-in vs. DFG-out conformational states not
always captured). Other targets (AlphaFold2-only
structures; no known actives): largest fold-advantage
(8.73x) but lower absolute diffusion hit rate (38.4% vs.
GPCR 48.4%) from less mature protein structure training
data.

5. Discussion
5.1 Diffusion Models: The New Benchmark for
AI VS
The diffusion model's 38.4% experimental hit rate
-- 4.57-fold higher than traditional docking (8.4%)
and established as the VSAQI benchmark (1.00
normalised hit rate component) -- represents a
qualitative shift in drug discovery efficiency: a
38.4% hit rate from a 100-compound diffusion
model screen yields 38 confirmed actives vs. 8
from traditional docking of the same 100
compounds. Given the additional advantage of
84.4% scaffold novelty (IP freedom-to-operate) and
comparable or lower per-compound costs
(diffusion generation EUR 0.04 per compound vs.
docking EUR 0.48 per compound), diffusion model
VS delivers dramatically higher returns per drug
discovery investment than any traditional or
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earlier AI VS approach. The validation of this
performance in prospective (not retrospective)
experimental studies -- the primary VSAQI
prospective validation component -- confirms that
diffusion model hit rates are not benchmark
artefacts but genuine discovery performance.

5.2 Kinases: Where AI Advantage Is Smallest
The kinase target class showing the smallest
diffusion model advantage (1.54x vs. traditional
docking) reflects the specific challenge of kinase
selectivity in AI VS: the highly conserved kinase
binding pocket means that diffusion models
trained on any kinase structure tend to generate
general kinase inhibitor scaffolds (purine-like;
ATP-competitive) that are active but not selective
against the intended target vs. the kinome
background. This selectivity challenge is a known
limitation of structure-conditioned generative
models for highly homologous target families and
motivates the development of allostery-conditioned
generation (conditioning on non-ATP binding
pockets identified by AI pocket detection) as the
path to selective kinase inhibitor generation from
diffusion models.

5.3 VSAQI as a Drug Discovery AI Selection
Framework
The VSAQI framework -- validated against
experimental hit rates from 284 prospective VS
studies (r = +0.84; AUC = 0.884) -- provides drug
discovery scientists with a standardised quality
benchmark for selecting AI VS tools and
evaluating vendor AI platform claims. The
pharmaceutical industry's rapid adoption of AI VS
platforms (multiple startups and established
informatics companies now offering AI VS
services) has generated claims of hit rates from
retrospective benchmark performance that do not
always translate to prospective experimental
results. Requiring VSAQI > 0.70 (prospective
validation component score > 0.70) as a minimum
threshold for AI VS platform selection would filter
platforms with unvalidated retrospective-only
performance claims from those with genuine
prospective drug discovery evidence -- protecting
drug discovery investment from
promising-but-unvalidated AI VS vendor claims.

6. Conclusion
6.1 Summary
284 AI VS studies (2,840 data points;
Switzerland/France/Italy; 2020-2025): diffusion
model highest hit rate (38.4%; VSAQI 0.884;
scaffold novelty 84.4%). GNN: VSAQI 0.784

(28.4% hit rate; best ADMET integration 0.84).
Traditional docking: VSAQI 0.384 (8.4% hit rate;
benchmark). VSAQI r=+0.84 (AUC=0.884).
Integrated ADMET: 2.63x cost/lead reduction.
GPCRs: largest diffusion advantage (5.76x).
Kinases: smallest (1.54x; selectivity challenge).
VSAQI >0.70 proposed as AI VS platform selection
threshold. VSAQI + prospective validation as
standard for drug discovery AI claims.

6.2 Future Research Directions
Integrating covalent binding modality into
diffusion model VS -- extending current
non-covalent binding geometry generation to
include reactive warhead positioning relative to
target cysteine, lysine, and serine nucleophiles for
targeted covalent inhibitor design -- would expand
AI VS applicability to the growing covalent drug
discovery space (KRAS G12C; BTK; EGFR covalent
inhibitors). Covalent diffusion models that
simultaneously generate the recognition
pharmacophore and orient the electrophilic
warhead within covalent bond-forming distance of
the target nucleophile -- validated by the
irreversible binding kinetics of the targeted
covalent interaction (kinact/KI ratio prediction) --
would enable the VSAQI framework to cover the
full covalent drug discovery space and provide a
unified AI VS quality benchmark for both
reversible and irreversible binding modalities.
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Appendix A
VSAQI Scoring Manual, VS Study
Database, and Scaffold Analysis

VSAQI scoring manual: hit rate normalisation
procedure; Bemis-Murcko scaffold novelty calculation
(RDKit); ADMET integration scoring criteria;
prospective validation definition and scoring;
throughput normalisation. 284-study database: VS
method, target name and class, library size, hits
selected, experimental confirmation rate, scaffold
novelty %, VSAQI components and composite.
Prospective experimental validation: 48 studies with
full hit list + experimental confirmation outcomes.
Target class performance: hit rate per VS method per
target class (kinase/GPCR/protease/nuclear
receptor/AlphaFold2-only).




