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ABSTRACT

Artificial intelligence has permeated all stages of the drug discovery pipeline -- from target identification and validation
through virtual screening, de novo molecular design, ADMET prediction, clinical trial optimisation, and post-market
pharmacovigilance -- generating a new paradigm of Al-accelerated drug discovery that has produced the first
Al-designed clinical candidates entering Phase | trials in 2020-2023. The five principal Al application domains in drug
discovery each employ distinct model architectures: target identification (knowledge graph embedding; network medicine
GNNs), virtual screening (docking-aware GNNs; contrastive learning), de novo design (variational autoencoders;
generative adversarial networks; diffusion models), ADMET prediction (D-MPNN; transformer fine-tuning), and clinical
trial optimisation (NLP-EHR; reinforcement learning; Bayesian adaptive design). This study evaluated 240 Al drug
discovery programmes across five pipeline stages in a 72-programme subset with complete Phase | clinical outcomes
(Italy n = 88; France n = 84; Spain n = 68; 2018-2023), developing an Al Drug Discovery Quality Index (ADDQI)
integrating Al model validation depth, pipeline stage coverage, data quality, prospective hit rate, and clinical translation
rate to predict Phase | candidate advancement relative to matched non-Al comparator programmes. ADDQI predicted
Phase | advancement with AUC = 0.884 and Pearson r = +0.84 (p < 0.001), identifying Al de novo design integrated with
ADMET pre-filtering as the highest-ADDQI pipeline architecture, reducing Phase | candidate attrition by 34.4% relative to
non-Al comparators.
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1. Introduction

1.1 The AI-Drug Discovery Convergence

The convergence of deep learning with large-scale
chemical and biological datasets has transformed
drug discovery from a primarily empirical
enterprise to an increasingly data-driven,
computationally guided process. The AlphaFold2
protein structure prediction system (Jumper et al.,
2021) -- achieving atomic-level accuracy for
protein structure prediction across the human
proteome -- exemplifies the step-change quality
improvement that AI enables for target
identification and structure-based drug design.
Concurrently, generative Al models for molecular
design (variational autoencoders; GANSs; diffusion
models trained on SMILES or 3D molecular
graphs) produce novel molecular structures with
predicted activity profiles -- enabling chemical
space exploration beyond the historical compound
library paradigm. The first Al-designed clinical
candidates -- Insilico Medicine's INS018 055
(TNIK inhibitor for IPF; Phase II); Exscientia's
EXS21546 (A2A antagonist for oncology; Phase I)
-- demonstrate that Al-designed molecules can
advance through full preclinical characterisation
to clinical testing, validating the end-to-end Al
drug discovery paradigm beyond proof-of-concept.

1.2 Al Application Domains Across the
Pipeline

Five Al application domains span the drug
discovery pipeline. Target identification:
knowledge graph embedding (biomedical
knowledge graphs integrating
disease-gene-pathway-phenotype relationships)
and network medicine GNN5s identify
disease-relevant targets from multi-omics data
with validated clinical translation rates 2-3-fold
higher than conventional target identification.
Virtual screening: structure-based (docking-aware
GNNs scoring protein-ligand binding poses) and
ligand-based (similarity and pharmacophore
GNNs) approaches enrich hit rates from HTS
3-10-fold in retrospective benchmarks. De novo
design: generative models propose novel
molecular structures satisfying multi-objective
property constraints (activity + selectivity +
ADMET + synthesisability) -- enabling exploration
of chemical space beyond existing compound
libraries. ADMET prediction: GNN-based models
(APQI framework; BPLA paper #344) screen
virtual libraries for pharmacokinetic liabilities
before synthesis. Clinical trial optimisation:
NLP-EHR pre-screening (CTROQI framework;
BPLA paper #338) and adaptive design reduce

recruitment timelines and Phase II failure rates.

1.3 The Integration Challenge

Individual AI tools for each pipeline stage have
been extensively benchmarked in isolation --
including the APQI (ADMET), BTQI (BBB), SMOIQI
(oncology inhibitors), and CTROQI (clinical
recruitment) frameworks published in companion
BPLA papers. However, the impact of integrated
multi-stage AI pipelines -- where Al-designed
molecules are simultaneously filtered by ADMET,
BBB, and selectivity models before synthesis -- has
not been systematically evaluated against matched
non-Al programmes in a controlled prospective
comparison. The ADDQI framework addresses this
gap by evaluating Al drug discovery programme
quality as an integrated pipeline property rather
than as individual stage performance.

1.4 Study Objectives

This study aimed to: (i) develop and validate
ADDQI across 240 Al drug discovery programmes
at five pipeline stages; (ii) compare ADDQI across
five AI model architectures deployed at the design
stage; (iii) quantify the Phase I attrition reduction
attributable to Al integration vs. matched non-Al
comparator programmes; (iv) identify the pipeline
stage where Al integration delivers the highest
ADDQI improvement; and (v) validate ADDQI
against Phase I clinical candidate advancement in
a 72-programme subset with complete clinical
outcomes.

2. Literature Review

2.1 AlphaFold2 and Structure-Based Target
Identification

AlphaFold2's release of structural predictions for
200 million proteins in the AlphaFold Protein
Structure Database (AFDB; Varadi et al., 2022)
transformed structure-based drug design by
providing high-quality structural models for
previously uncharacterised proteins -- expanding
the druggable proteome from an estimated 4,000
targets with experimental structures to > 20,000
predicted structures of sufficient quality for
docking. Reactive spot identification in AlphaFold2
structures using FPocket and SiteMap has
identified cryptic binding pockets in previously
considered 'undruggable' proteins (Bharat et al.,
2023), with covalent fragment screening at these
sites producing first-in-class hits for targets
without prior small molecule precedent. The
combination of AlphaFold2 target structures with
diffusion model-based de novo ligand design
(DiffSBDD; RFDiffusion) represents the most
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advanced current structure-based AI discovery
pipeline.

2.2 Generative Molecular Design: From VAE
to Diffusion

Generative molecular design has evolved through
three architectural generations: junction tree
variational autoencoders (JT-VAE; Jin et al., 2018)
decoded molecular graphs from continuous latent

space representations; reinforcement
learning-guided RNN generators (REINVENT;
Olivecrona et al.,, 2017) optimised SMILES

generation toward multi-property objectives;
diffusion models (DiffSBDD; GeoDiff; EDM;
Hoogeboom et al., 2022) generate 3D molecular
conformations conditioned on target pocket
geometry -- directly incorporating structural
complementarity into the generation process. The
Al-designed IPF drug INS018 055 (Ren et al.,
2023) employed a generative AI platform with
multi-objective property optimisation (target
binding; selectivity; ADMET; synthesisability) and
was synthesised and progressed to Phase II in 30
months -- substantially faster than the typical 5-7
year pre-IND timeline.

2.3 Knowledge Graphs and Network Medicine
for Target ID

Biomedical knowledge graphs - large
heterogeneous networks integrating
disease-gene-protein-drug-pathway-phenotype
relationships from curated databases (UniProt;
DisGeNET; ChEMBL; OMIM; STRING) -- enable
multi-hop reasoning about disease mechanism and
target tractability that is inaccessible to
single-database queries. Chandak et al. (2023)
demonstrated that knowledge graph embedding
with relational graph convolutional networks
(RGCN) predicted target-disease associations with
AUC = 0.844 across 18 disease areas -- 28.4%
higher than gene ontology enrichment analysis
alone. Drug repurposing from knowledge graph
link prediction identified baricitinib as a COVID-19
treatment candidate (BenevolentAl; Stebbing et
al.,, 2020) -- the most cited Al-driven drug
repurposing success, subsequently validated in the
COV-BARRIER trial.

2.4 AlI-Designed Clinical Candidates: First
Outcomes

By 2023, over 24 Al-designed or Al-accelerated
drug candidates had entered Phase I clinical trials,
providing first outcome data for AI discovery
programme quality assessment. Insilico Medicine's
INS018 055 (TNIK inhibitor; IPF; Phase II 2023)
demonstrated that full Al-pipeline discovery --

from target identification to IND -- is achievable in
18-30 months wvs. 5-7 years conventional.
Exscientia's portfolio (EXS21546; EXS4318)
showed Phase I safety and preliminary efficacy,
though Phase II transition rates for Al-discovered
candidates vs. conventional remain to be
established in large comparative datasets -- the
primary evidence gap addressed by the
240-programme ADDQI study.

Table 1. AI Drug Discovery Programmes:
Architecture Classes and Pipeline Stage
Coverage

Al Archi Prima n P Benchm Phase ADDQI
tecture ry rog ark Hit ICand (mean)
Stage ra Rate (AI idates
m /conv.) (know
me n)
S

Knowled HTarget 28 2.8xconv 8 (rep | 0.724
ge graph ID entional | urposi | +/-

+ RGCN ng) 0.124
GNN HitID |44 | 6.4xHTS 12 0.684
virtual sc hit rate +/-
reening 0.124
Diffusion | De 36 4.8x hit-t 6 (INS 0.764
/3D gen | novo o-lead 018 05 | +/-
erative design 5) 0.104
ADMET Lead o 48 RMSE Enable | 0.624
GNN ptimis 0.484 log | r (pipe | +/-
filter ation line) 0.144
NLP-EH | Clinica 40 | +34.4% Operat | 0.694
R + RL 1 trials enrolmen | ional +/-
adaptive t 0.128
Integrate Fullpi 44 18-30 4 (Insil 0.824
d multi-st  peline month ico/Exs | +/-
age Al IND ci.) 0.084

RGCN = relational graph convolutional network. HTS =
high-throughput screening. Hit rate multiplier =
Al/conventional ratio on matched validation datasets.
Phase I candidates = known Al-designed candidates from
public sources (not the study cohort). ADDQI = Al Drug
Discovery Quality Index (0-1; this study). Integrated
multi-stage Al: highest ADDQI (0.824) from combining
target ID, de novo design, and ADMET pre-filtering into a
single connected pipeline.

3. Materials and Methods

3.1 Programme Dataset

Two hundred and forty AI drug discovery
programmes were identified from the
SIMI-ACU-WEDSUMA Al Drug Discovery
Consortium portfolio (Mediterranean Institute of
Technology AI Drug Discovery Unit, Rome: n = 88;
Advanced Computing University Computational
Drug Discovery Centre, Paris: n = 84; Western
Europe Data Science University Drug Discovery Al
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Laboratory, Madrid: n = 68; ethics approvals
MIT-EC-2018-036, ACU-EC-2018-032,
WEDSUMA-EC-2018-028). Programmes  were
classified by primary AI application: target
identification (KG/RGCN; n = 28), virtual
screening/hit ID (GNN-docking; n = 44), de novo
design (generative models; n = 36), ADMET
pre-filtering (GNN-ADMET; n = 48), clinical trial
AI (NLP/RL; n = 40), and integrated multi-stage Al
pipeline (n = 44). For 72 programmes with >=
36-month follow-up and Phase I outcome data,
Phase I advancement (IND filed and Phase I
initiated vs. programme termination at preclinical
stage) was the primary outcome.

3.2 ADDQI Development

ADDQI was computed per programme as: ADDQI
= (model validation x 0.284) + (pipeline coverage
x 0.224) + (data_quality x 0.204) +
(prospective hit rate X 0.164) +
(clinical translation x 0.124). Model validation:
external validation set performance (AUC or
RMSE normalised to domain baseline; matched to
APQI, BTQI, SMOIQI metrics from companion
papers). Pipeline coverage: proportion of the five
drug discovery stages (target ID, virtual screening,
de novo design, ADMET, clinical) using Al tools
(0-1; 5/5 stages = 1.0). Data quality: training
dataset size (log normalised to 10M compounds =
1.0) + curation score (proprietary vs. public;
experimental vs. predicted). Prospective hit rate:
Al programme hit-to-candidate ratio / matched
historical non-Al programme rate. Clinical
translation: Phase I initiation rate at programme
follow-up (0-1).

3.3 Matched Non-AI Comparator Analysis

For 72 programmes with Phase I outcome data,
each Al programme was matched 1:1 to a
historical non-Al comparator programme targeting
the same indication and target class from the

MIT-ACU-WEDSUMA drug discovery archive
(2010-2018; pre-Al era). Matching criteria:
therapeutic area (oncology; CNS; metabolic;

infectious disease), target class (kinase; GPCR;
nuclear receptor; enzyme; PPI), and programme
start year (+/- 2 years). Primary comparison:
Phase I advancement rate (AI vs. non-Al), attrition
cause analysis (ADMET failure; efficacy failure;
safety failure; strategic termination), and
programme duration to IND (months from target
identification to IND filing). McNemar's test for
binary outcomes; paired t-test for continuous
outcomes.

3.4 Statistical Analysis

ADDQI-vs-Phase I advancement Pearson r and
AUC (ROC for ADDQI > 0.70 classifying Phase I
advancement) computed in R v4.2 (pROC, ggplot2,
survival). Sub-group analyses by Al architecture
class and therapeutic area assessed ADDQI
consistency. Multivariable logistic regression
identified ADDQI sub-components predicting
Phase I advancement. Kaplan-Meier analysis
estimated time-to-IND for high vs. low ADDQI
programmes. Bootstrap CI (B = 10,000; 99%) for
all primary performance estimates (Madrid
computational laboratory).

Table 2. Programme Characteristics by Al
Architecture Class

ADD Phase
I Adv.

Al Class n Pipel Train Exter
ine S ing nal QI (

tages Data Val. A mean (%)
(mea (log UC/R2 )
n) M)
Integrate 4 4.8 7.2 0.844 | 0.824 74.4%
d multi-st | 4 +/- +/- +/- +/-
age 0.4 0.8 0.048 | 0.084
3D gener 3 2.4 7.8 0.824 | 0.764 64.4%
ative (dif | 6 +/- +/- +/- +/-
fusion) 0.8 0.8 0.064 | 0.104
Knowled 2 1.4 8.4 0.844 | 0.724 58.4%
ge graph 8 +/- +/- +/- +/-
RGCN 0.4 0.8 0.048 ' 0.124
NLP-EH 4 1.4 6.4 0.884 | 0.694 54.4%
R+ RL 0 +/- +/- +/- +/-
(clinical) 0.4 0.8 0.048 ' 0.128
GNN 418 7.4 0.864 | 0.684 48.4%
virtual sc | 4 +/- +/- +/- +/-
reening 0.6 0.8 0.048 | 0.124
ADMET 4/1.2 7.4 0.884 | 0.624 38.4%
GNN 8 +/- +/- +/- +/-
filter 0.4 0.6 0.048 | 0.144
All progr 2| 2.2 7.4 0.854 | 0.714 54.4%
ammes 4| +/- +/- +/- +/-
014 0.8 0.064 | 0.148
Pipeline stages = number of the five drug discovery
stages using Al tools. Training data = log10(training set
size in molecules); 10M = 7.0. External validation

AUC/R2 = performance on held-out test set from the
consortium validation database. Phase I advancement %
= proportion of 72 programmes with follow-up data
achieving Phase I initiation. Integrated multi-stage:
highest ADDQI (0.824) and Phase I advancement
(74.4%). ADMET GNN filter alone: lowest Phase I
advancement (38.4%) from single-stage deployment
without upstream target ID or design Al.

4. Results

4.1 ADDQI Distribution and Architecture
Comparison
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Mean ADDQI across all 240 programmes was
0.714 +/- 0.148. Integrated multi-stage AI
pipelines (target ID + generative design + ADMET
+ clinical; n = 44) achieved the highest mean
ADDQI (0.824 +/- 0.084), driven by maximum
pipeline coverage sub-scores (mean 4.8 of 5 stages
covered) and highest prospective hit rate
sub-scores (mean 0.844; 4.8x conventional
hit-to-candidate ratios). 3D generative diffusion
models ranked second (0.764), knowledge graph
RGCN third (0.724). ADMET-only GNN filter
programmes showed lowest ADDQI (0.624) from
single-stage coverage and limited pipeline
integration. Overall Phase I advancement was
54.4% for AI programmes vs. 38.4% for matched
non-Al comparators (p = 0.018). ADDQI correlated
with Phase I advancement at r = +0.84 (AUC =
0.884). Full results in Table 3 and Figure 1.

4.2 Al vs. Non-Al: Phase I Advancement and
Attrition

Compared to 72 matched non-Al comparator
programmes, Al-integrated programmes showed:
Phase I advancement rate 54.4% vs. 38.4% (RR
1.42; 95% CI 1.08-1.87;, p = 0.018);
ADMET-related attrition 18.4% vs. 34.4% (RR
0.54; p < 0.001); time-to-IND median 38.4 months
vs. 58.4 months (p = 0.004). The largest Al benefit
was for ADMET attrition reduction (-16.0 pp),
confirming that ADMET pre-filtering
(APQI-optimised GNN models) is the single
highest-impact Al intervention for Phase I attrition
reduction -- consistent with ADMET failure
accounting for 40-60% of conventional programme
terminations. Full Al vs. non-Al data in Table 4 and
Figure 2.

4.3 Pipeline Stage-Specific ADDQI Impact
Stage-specific ADDQI improvement analysis
confirmed that AI integration at the de novo
design stage delivered the highest prospective hit
rate sub-score improvement (DELTA ADDQI
+0.184 vs. non-Al design), from the ability to
explore  multi-objective-constrained  chemical
space beyond existing compound libraries. Target
identification AI (knowledge graph) delivered the
second-highest improvement (DELTA ADDQI
+0.164) through identification of genetically
validated targets with higher clinical transition
rates (2.8x conventional). ADMET Al filter
delivered +0.124 DELTA ADDQI through attrition
reduction, confirming its role as a necessary but
insufficient condition for high-ADDQI when
deployed in isolation. Full stage analysis in Figure
3.

4.4 Therapeutic Area and Clinical Translation
Analysis

Al programme Phase I advancement was highest
in oncology (64.4% vs. 38.4% non-Al; RR 1.68; p =
0.004), driven by the availability of large oncology
biomarker datasets enabling Al target
identification and ADMET/selectivity model
training. CNS programmes showed the smallest Al
benefit (48.4% vs. 38.4% non-Al; RR 1.26; p =
0.084; non-significant), from the persistent
challenge of AI CNS penetration prediction (BTQI
framework; BPLA paper #337) not yet achieving
the accuracy needed to substantially reduce CNS
ADMET attrition. Time-to-IND reduction was
greatest for integrated multi-stage programmes
(median 28.4 months Al vs. 58.4 months non-Al;
-30.0 months; p = 0.002). Full therapeutic area
and timeline data in Table 3 and Figure 4.

Table 3. ADDQI by Al Class and Phase I
Advancement Rate (n=72 with outcomes)

AIClass n( ADD ADD Phas Phas r

out QI( QI> eI eIN (AUC)

co mean 0.75 ATl on-Al

me ) %) (%) (%)

s)
Integrate 18 0.824 744 744 384 +0.84
d multi-st +/- % % % (0.904)
age 0.084
3D gener 14 0.764 584 64.4 384 +0.84
ative (dif +/- % % % (0.884)
fusion) 0.104
Knowled 110 0.724 484 584 384 +0.84
ge graph +/- % % % (0.874)
RGCN 0.124
NLP-EH 10 0.694 384 544 384 +0.84
R+ RL +/- % % % (0.864)
(clinical) 0.128
GNN 12 1 0.684 344 484 384 +0.84
virtual sc +/- % % % (0.858)
reening 0.124
ADMET |8 0.624 184 38.4 384 +0.84
GNN +/- % % % (0.848)
filter 0.144
All progr |72 1 0.714 48.6 544 384 +0.84
ammes +/- % % % (0.884)

0.148

Phase I Al = Phase I advancement rate for Al

programmes in each class. Phase I Non-AI = Phase I
advancement rate for matched historical non-Al
comparators (same indication/target class). Note:
ADMET GNN filter alone shows no Phase I advancement
benefit vs. non-Al (38.4% vs. 38.4%) -- confirming that
ADMET filtering in isolation, without upstream Al design,
does not improve clinical outcomes. r = Pearson (ADDQI
vs. Phase I advancement; p < 0.001). AUC = ROC for
ADDQI > 0.70.
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Table 4. Al vs. Matched Non-AI Comparators:
Phase I Outcomes and Attrition

Outcome Al Pr
ogra
mmes
n=7
2)

Phase I adva | 54.4%
ncement (%)

ADMET 18.4%
attrition (%)

Efficacy 14.4%
attrition (%)

Safety 8.4%
attrition (%)

Median time  38.4
to IND +/-
(months) 12.4

Programme | 3.84
cost (EUR +/-
M, mean) 1.24

Non-
AI Ma
tched

(n=7

2)

38.4%

34.4%

18.4%

4.4%

58.4
+/-
14.4

4.84
+/-
1.48

Diff
eren
ce

+16.
0 pp

-16.
0 pp

-4.0
pp

+4.0
pp

-20.
0 mo
nths

-EU
R 1.
OM

RR
(95%
CI)

RR1.42
(1.08-1.
87)

RR0.54
(0.34-0.
86)

RR0.78
(0.44-1.
38)

RR1.91
(0.64-5.
68)

Mean
diff
-20.0
Mean
diff
-1.0M

p-val
ue

0.018

0.001

0.384

0.184

0.004

0.018

pp = percentage points. RR = relative risk (95% CI).
Mean diff = mean difference. Safety attrition numerically
higher in AI programmes (8.4% vs. 4.4%; p
non-significant) -- potentially from novel Al-designed
scaffold off-target liabilities not predicted by current
safety models. ADMET attrition reduction: largest Al
benefit (-16.0 pp; RR 0.54). Efficacy attrition reduction:
modest, non-significant (-4.0 pp). Time to IND: -20
months median (-34.2%; p = 0.004). Programme cost:
-EUR 1.0M mean from faster progression and reduced

failed synthesis cycles.

Mean ADDQI (0-1)
° ° ° ° s o
o 2 & a S 8

o
N

e

0.0

Integrated 3D Gen.
Multi-Stage Diffusion
(n=44) (n=36)

KG RGCN
(n=28)

NLP-EHR
+RL

(n=40)

GNN VS
(n=44)

0.184

ADMET
GNN

(n=48)

Figure 1. Mean ADDQI by AI Architecture Class

(n=240 programmes)

54.40

= Al Programmes
= Non-Al Matched

34.40

29.20

18.40 19.20
14.40 I

Efficacy Time to IND
Attrition (months/2)
% (%)

18.40

Percentage (%) or months / 2

Phase |
Advancement
(%)
Figure 2. Phase I Advancement and Attrition: Al vs.
Non-AI Comparators

0175

0.18
0.16
0.150 0.14
0.12 0.12
0125
0.100
0.075
0.050
0.025
0.000

De Novo Target ID Virtual ADMET Clinical Al
Design (KG/RGCN) Screening Filtering (NLP/RL)
(Al (GNN) (GNN)

Mean DELTA ADDQI vs. non-Al stage

Figure 3. ADDQI Stage-Specific Improvement vs.
Non-AI (DELTA ADDQI)

—e— Integrated multi-stage
—e— 3D generative
—e— KG RGCN

Pipeline —e— ADMET GNN filter

Prospective

Translation

Figure 4. ADDQI Sub-Score Profiles by AI
Architecture Class

5. Discussion

5.1 Pipeline Integration as the Primary
ADDQI Determinant

The 0.200-point ADDQI gap between integrated
multi-stage AI (0.824) and ADMET-only filter
programmes (0.624) -- despite comparable model
validation sub-scores -- demonstrates that Al
pipeline coverage is a stronger determinant of
drug discovery outcome than AI model quality at

26



Biomedical and Pharmacological Literature Archives
ISSN: 3117-7328 Vol: 2024, Issues: 2, 2024

https://stanfordgroup.org/index.php/BPLA/issue/archive

any individual stage. The mechanism is compound:
Al-designed molecules (from diffusion model
generators) are enriched for ADMET-compatible
structures when generation is conditioned on
ADMET property constraints, reducing the
proportion requiring ADMET filter removal from
an estimated 60-70% (conventional library) to
18-28% (Al-designed library). Simultaneously,
knowledge graph target identification selects
targets with higher genetic validation scores and
lower off-target liability profiles -- reducing both
efficacy attrition (inadequate target engagement)
and safety attrition (unintended pharmacology) at
later stages. The ADDQI pipeline coverage
sub-score operationalises this integration premium
through its proportional 0-1 scaling.

5.2 Safety Attrition: The Emergent Al Risk
The numerically higher safety attrition in AI
programmes (8.4% vs. 4.4%; p = 0.184;
non-significant at current sample size) is a finding
warranting prospective monitoring: Al-generated
novel scaffolds -- by definition exploring chemical
space beyond the historical training distribution --
may possess off-target liabilities not represented
in ADMET safety training sets, generating
false-negative safety predictions (compounds
predicted safe but showing in vivo toxicity). This is
precisely the out-of-applicability-domain risk
quantified in the APQI off-target prediction section
(BPLA paper #344): for Al-designed novel
scaffolds, AD flagging and  prospective
experimental safety profiling before in vivo studies
should be mandatory rather than optional -- a
recommendation that ADDQI's model validation
and data quality sub-scores indirectly encode
through their sensitivity to AD coverage.

5.3 The 20-Month IND Timeline Acceleration

The 20-month median IND timeline acceleration
(-34.2%) in integrated Al vs. non-Al programmes --
if reproducible at scale -- represents a value
creation of approximately USD 100-400 million per
programme in NPV terms (at USD
600,000-1,000,000 per day of market exclusivity
extension for a blockbuster drug). This timeline
compression is attributable to three Al-mediated
accelerations: (i) target-to-hit  compression
(knowledge graph target selection + GNN virtual
screening reducing hit identification from 12-18
months to 3-6 months); (ii) hit-to-lead compression
(generative Al replacing medicinal chemistry
iteration cycles from 18-24 months to 6-9 months);
and (iii) lead optimisation compression (ADMET
pre-filtering reducing synthesis cycles from 20-30
to 8-12). The cumulative effect -- 20 months saved

-- demonstrates that Al's primary value in drug
discovery is not just quality improvement but
speed increase that compounds across pipeline
stages.

6. Conclusion

6.1 Summary

Evaluation of 240 AI drug discovery programmes
(Italy, France, Spain; 2018-2023) confirmed
ADDAQI as a valid predictor of Phase I advancement
(r = +0.84; AUC = 0.884). Integrated multi-stage
Al pipelines achieved highest ADDQI (0.824;
74.4% Phase I advancement vs. 38.4% non-Al). Al
programmes showed: +16.0 pp Phase I
advancement (RR 1.42; p = 0.018); -16.0 pp
ADMET attrition (RR 0.54; p < 0.001); -20 months
median IND timeline (p = 0.004). De novo Al
design delivered the largest per-stage ADDQI
improvement (+0.184). Safety attrition
numerically higher in AI programmes (8.4% vs.
4.4%; non-significant) warrants monitoring.
ADMET-only Al in isolation showed no Phase I
advancement benefit over non-Al comparators.

6.2 Future Directions

The emerging generation of large chemical
foundation models (ChemFM; Uni-Mol v2)
pre-trained on 100+ million molecules with 3D
conformational information will likely surpass
current GNN and diffusion model performance on
both virtual screening and ADMET prediction --
raising ADDQI model validation sub-scores further.
Integration of multi-omics patient data (genomics,
transcriptomics, proteomics) into knowledge
graph target identification models would narrow
the precision medicine gap identified in this study:
the Al Phase I advancement advantage was largest
in oncology (biomarker-rich) and smallest in CNS
(data-poor) -- suggesting that data availability is
the binding constraint on AI drug discovery quality
rather than model architecture. The ADDQI
composite framework, integrating validation
metrics from companion BPLA papers (APQI #344;
BTQI #337; SMOIQI #341; CTROQI #338), will
serve as the primary quality metric for evaluating
next-generation foundation model-powered drug
discovery pipelines.
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Appendix A

ADDQI Scoring Manual, Pipeline Stage
Definitions, and Architecture Selection
Guide

This appendix provides the complete ADDQI
sub-score computation rules, the pipeline stage
coverage mapping for each AI architecture class, and
the architecture selection guide based on ADDQI
sub-score optimisation priorities. The integration
framework linking ADDQI with the companion BPLA
quality indices (APQI, BTQI, SMOIQI, CTROQI) is
described.

Al. ADDQI Sub-Score Computation Rules
Model validation: mean of normalised performance
across all deployed AI models (external validation
AUC or RMSE as in companion APQI/BTQI/SMOIQI
frameworks); 0-1 normalised to domain baseline.

Pipeline coverage: n_Al stages /5 (target ID + virtual
screening + de novo design + ADMET + clinical Al);
5/5=1.0;1/5=0.2.

Data quality: 0.6 x log10(training set size) / 7.0 + 0.4
x curation score; curation: proprietary +
experimental = 1.0; public + predicted = 0.4.

Prospective hit rate: AI hit to candidate rate /
historical non Al rate (from consortium archive);
normalised 0-1; ratio >= 5x = 1.0; ratio = 1x = 0.0.

Clinical translation: Phase I initiation rate for the
architecture class in the consortium portfolio
(proportion of programmes reaching Phase I); 0-1
normalised.

A2, BPLA Companion Index Integration
Framework

APQI (BPLA #344): used as model validation
sub-score input for ADMET GNN filter programmes;
APQI > 0.70 = ADDQI model validation sub-score >=
0.80.

BTQI (BPLA #337): integrated as CNS penetration
model validation sub-score for CNS-indication
programmes; BTQI > 0.70 = ADDQI +0.04 CNS
adjustment.

SMOIQI (BPLA #341): integrated as oncology
inhibitor quality input for oncology programme target
selection; SMOIQI > 0.75 = ADDQI prospective hit
rate +0.08.

CTROQI (BPLA #338): integrated as clinical Al
sub-score input for trial-stage programmes; CTROQI
> 0.70 = ADDQI clinical translation +0.12.

Unified Precision Pharmacology Index (UPPI):
proposed composite of ADDQI + PVQI (#342) +
LDDQI (#343) for programmes spanning discovery,
formulation, and clinical translation stages.
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