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Abstract: The pharmaceutical industry faces compounding structural inefficiencies: average development costs of 32.8 billion per approved
new molecular entity, a Phase I clinical failure rate of 92%, and 3236 billion in revenue exposure from patent expiries through 2030. Despite
Al-originated drug candidates demonstrating Phase I success rates of 80-81% versus 52% for conventionally discovered compounds, 42% of
pharmaceutical Al initiatives fail to meet ROI targets — predominantly due to organisational rather than technological failures. No purpose-
built, evidence-weighted framework for guiding Al adoption in pharmaceutical drug discovery exists. This paper presents the Pharma Al
Framework Suite, comprising three interconnected instruments: (i) the Pharma Al Readiness Framework (PAIR), scoring organisational Al
readiness 0—-100 across 7 evidence-weighted dimensions and 42 sub-indicators, including D5 — a pharma-unique dimension formally
operationalising Collective Impulsive Skepticism (CIS) as a measurable barrier absent from all existing general Al readiness frameworks; (ii)
the Drug Discovery Al Prioritisation Framework (DDAIP), assigning evidence-based Priority Scores to 20 value-chain activities across 8
weighted dimensions to produce a deployment heatmap and 2 X2 strategic action matrix; and (iii) the AI Value Realisation Framework (AIVR),
measuring post-deployment Al value across 4 domains and 24 KPIs to generate a quarterly Value Realization Score. Grounded in systematic
synthesis of Cisco Al Readiness Index (2024-2025), IMD AI Maturity Index (2025), CB Insights Pharma Al Readiness Index (2025), FDA Draft
Al Guidance (2025), and peer-reviewed clinical evidence, benchmark analysis of 14 organisations reveals that CIS — not data infrastructure
or governance — is the universal binding constraint separating Advanced-tier from Al-Native pharmaceutical organisations.
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[. INTRODUCTION

A. The Pharmaceutical R&D Productivity Crisis

The pharmaceutical drug discovery and development
process is characterised by three compounding inefficiencies
resistant to structural improvement over four decades. First, the
capital cost of bringing a new molecular entity (NME) from
target identification to regulatory approval has reached a mean
of $2.8 billion, accounting for cost of capital and portfolio
failures that subsidise each successful programme.

Second, clinical attrition remains catastrophically high:
fewer than 10% of candidates entering Phase 1 achieve
regulatory approval, and Phase II failure rates hover between
55-70%, representing the largest single source of R&D capital
loss in the biopharmaceutical industry. Third, the discovery-to-
approval timeline of 10-15 years compounds these costs
through the time value of capital and competes directly with
patent expiry schedules.

These inefficiencies share a common epistemic root: too
little useful information is processed too slowly at moments of
critical scientific decision. Poor target identification generates
candidates failing in Phase II for lack of disease-mechanism
relevance; inadequate patient stratification undermines trial
design; suboptimal lead optimisation produces candidates with

ADMET liabilities emerging only in expensive late-stage
studies.

B. The AI Opportunity in Drug Discovery

Artificial intelligence, and machine learning in particular,
addresses this epistemic limitation by processing biomedical
information at scales and speeds inaccessible to human
researchers. Virtual screening powered by deep learning
achieves hit rates of 22-46% versus 2% under random high-
throughput screening (HTS). Al-designed drug candidates
entering Phase I demonstrate success rates of approximately
80-81% versus 52% for conventionally discovered
compounds, and Phase II success rates of 68% versus 30—45%
[1-3].

ADMET prediction models reduce late-stage toxicity
failures by an estimated 50%. Exscientia's DSP-1181
programme identified a clinical candidate after synthesising
350 compounds over 12 months, versus 2,500 compounds over
4-5 years — an 85% reduction [4]. Insilico Medicine's
ISM001-055 programme for idiopathic pulmonary fibrosis
produced positive Phase ITa data published in Nature Medicine
(2025), the first peer-reviewed clinical validation of a wholly
Al-generated therapeutic mechanism [5].
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As of early 2026, over 173 Al-originated drug programmes
have entered clinical development globally — a seven-fold
increase from late 2023. The Al drug discovery market is
projected to grow from $1.86 billion in 2024 to $6.89 billion by
2029 at a CAGR of 29.9% [6]. Eli Lilly's $2.75 billion
partnership with Insilico Medicine (March 2026) provides
commercial validation.

C. The Gap: No Purpose-Built Pharmaceutical AI Framework

Despite this momentum, the pharmaceutical industry lacks
a structured, repeatable, evidence-weighted methodology for
guiding Al adoption at the organisational level. This gap
manifests as three compounding decision failures.

The readiness failure: 42% of pharmaceutical Al initiatives
fail to meet ROI targets predominantly for organisational
reasons — inadequate data quality, insufficient scientific
adoption, absent governance — not because Al technology is
deficient [7]. The prioritisation failure: without structured
scoring, resources are systematically misallocated to
convenient rather than high-return activities. The measurement
failure: without pre-defined KPIs, baseline measurements, and
structured reporting, Al programmes accumulate cost without
accumulating evidence.

General Al readiness frameworks — Cisco Al Readiness
Index, Gartner Al Maturity Model, McKinsey Digital Quotient,
IMD AI Maturity Index — address some dimensions but are
not designed for pharmaceutical drug discovery. They omit the
regulatory compliance dimension, cannot generate activity-
level prioritisation scores for R&D portfolio management, and
do not account for the epistemic culture of pharmaceutical
science — what this paper terms Collective Impulsive
Skepticism (CIS).

D. Objectives and Contributions

This paper presents the Pharma Al Framework Suite —
three interconnected instruments addressing the readiness,
prioritisation, and measurement gaps simultaneously. Specific
contributions include:

e The first pharmaceutical-specific Al readiness
framework derived from cross-validated evidence
across three independent industry indices, covering 7
dimensions and 42 sub-indicators with empirically
justified weights

* The first evidence-based Al prioritisation heatmap
covering 20 value chain activities across 8 weighted
dimensions with full numerical justification

e The first structured Al value realisation instrument for
pharmaceutical drug discovery, providing 24 KPIs
across 4 value domains with clinical benchmarks

 The first formal operationalisation of Collective
Impulsive Skepticism (CIS) as a measurable,
dimensioned, addressable barrier embedded as
dimension D5 in PAIR

* An integrated five-stage deployment roadmap with
explicit go/no-go decision gates at each stage
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II. BACKGROUND AND LITERATURE REVIEW

A. Evolution of AI Readiness Frameworks

The organisational Al readiness framework literature has
evolved through three generations. First-generation
frameworks (2016-2019) were descriptive maturity models
adapted from digital transformation literature, treating Al
readiness principally as a proxy for data engineering capability.

Second-generation frameworks (2020-2023) introduced
multi-dimensional approaches. The Cisco Al Readiness Index
assesses organisations across six pillars — Strategy,
Infrastructure, Data, Governance, Talent, and Culture — using
49 indicators from 7,985 senior business leaders across 30
markets [8]. Its four tiers — Pacesetters (>86), Chasers (61—
85), Followers (31-60), and Laggards (0-30) — provide
population-calibrated benchmarks. Key findings informing
PAIR weight design: 76% of Pacesetters fully centralise data
versus 19% overall; 75% are Al-proficient versus 16% of
others; 99% have a defined Al strategy versus 58%.

The IMD Al Maturity Index 2025, drawing on the 300
largest global companies, evaluates five dimensions [9]. Seven
pharmaceutical companies rank in the global top 100:
AstraZeneca, Merck & Co., Eli Lilly, Novartis, Sanofi, Novo
Nordisk, and GSK. The CB Insights Pharma AI Readiness
Index 2025 confirmed data and scientific culture — not
technology — as the binding constraints [10], directly
justifying PAIR's elevated D1 weight and the addition of D5 as
a pharma-unique dimension.

B. Evidence Base for Al in Drug Discovery

1) Target Identification: Knowledge graph-based target
identification  has  produced compelling evidence.
BenevolentAl's identification of baricitinib as a COVID-19
therapeutic candidate (2020) using a knowledge graph
connecting protein interactions, disease mechanisms, and drug
pharmacology through multi-hop reasoning established the
canonical proof of concept for graph-mediated Al discovery
[11]. AlphaFold and AlphaFold3 represent a qualitative
transition in structure-based drug design, enabling structure-
based virtual screening at proteome scale [12].

2) Virtual Screening and Generative Design: Al-guided
virtual screening consistently achieves hit rates of 22-46%
versus 2% for random HTS. Exscientia's DSP-1181 case — 350
compounds over 12 months versus 2,500 over 4-5 years — is
the field's most precisely documented operational benchmark
[4]. Insilico Medicine's ISM001-055 (Nature Medicine, 2025)
provides the first published clinical validation of a wholly Al-
generated drug discovery hypothesis [5].

3) ADMET Prediction and Clinical Outcomes: ADMET
prediction models trained on ChEMBL achieve AUROC values
of 0.82—0.90 for major toxicity endpoints versus 0.65-0.70 for
classical baselines. The clinical consequence is a projected 50%
reduction in late-stage toxicity failures, corroborated by Al-
originated Phase I success rates of 80-81% versus 52%
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conventional, and Phase II success rates of 68% versus 30—45%
[2,3].

C. Collective Impulsive Skepticism: The Cultural Barrier

The literature identifies three barrier categories for
pharmaceutical Al adoption: technical, regulatory, and
organisational-cultural. The third category has received the
least systematic measurement attention despite mounting
evidence of its primacy. A 2024 ZoomRx survey found that
83% of life-sciences executives described Al as 'overrated'
despite over 80% of their organisations running Al use cases in
production [13].

We term this Collective Impulsive Skepticism (CIS): the
simultaneous deployment and dismissal of Al, reflecting
reflexive cultural resistance to Al-generated knowledge not
grounded in systematic epistemic evaluation. CIS precedes
engagement with evidence rather than following from it. It
manifests as low Scientist Net Promoter Scores for Al tools,
absence of Al in senior scientific hypothesis generation, hostile
editorial attitudes toward Al-assisted publications, and
underinvestment in Al literacy despite adequate Al tool
investment.

The practical consequence is substantial: approximately
42% of pharmaceutical Al programmes failing to meet ROI
targets do so because of adoption failure rather than technical
failure, making CIS a larger driver of Al programme loss than
any single technical barrier [7].

III. METHODS: FRAMEWORK DEVELOPMENT

A. Overall Design

The Pharma Al Framework Suite was developed through
a structured five-stage evidence synthesis and expert-derivation
process: (1) systematic literature and grey literature review; (2)
evidence-base compilation and quality assessment; (3) draft
dimension and indicator development; (4) weight calibration
using cross-source triangulation; and (5) benchmark calibration
using disclosed organisational data. All three frameworks share
a common scoring architecture enabling cross-framework
comparability and sequential use.

B. Evidence Sources

Primary quantitative sources for dimension weight
calibration: Cisco Al Readiness Index 20242025 (n=7,985, 30
markets) [8]; IMD AI Maturity Index 2025 (n=300 largest
global companies) [9]; CB Insights Pharma Al Readiness Index
2025 (n=50 largest pharmaceutical companies by market
capitalisation) [10]; ZoomRx Life Sciences AI Adoption
Survey 2024 [13].

Peer-reviewed clinical evidence: Ferreira and Carneiro
(ACS Omega, 2025) [14]; Ren et al. (Nature Medicine, 2025)
[5]; meta-analyses from IntuitionLabs (2026) [2] and axis-
intelligence.com (2026) [3] covering Phase I and Phase II
success rates across 173+ Al-originated programmes.

Regulatory guidance: FDA Draft Guidance on Al in Drug
Development (January 2025) [15]; FDA-EMA Guiding
Principles on Good Machine Learning Practice (2026) [16].
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Organisational benchmark data from Klover.ai competitive
benchmarking reports (2025) [17,18] and public disclosures
from AstraZeneca, Novartis, Pfizer, Roche, and Sanofi.

C. Dimension Identification and Weight Derivation

Framework dimensions were derived by triangulating
across source frameworks. For PAIR, candidate dimensions
were identified by: (a) extracting all named readiness
constructs from Cisco, IMD, and CB Insights; (b) consolidating
overlapping constructs; (c) identifying pharmaceutical-specific
gaps absent from all general frameworks. Dimensions retained
were those for which quantitative weight evidence could be
identified from at least two independent sources.

Weight calibration logic: for each dimension, we identified
the most directly establishing evidence (for example, Cisco's
finding that 76% of Pacesetters fully centralise data versus 19%
overall established D1 as the highest-weight dimension). We
cross-validated proposed weights against Al programme
failure-cause distributions and IMD's dimension ordering.
Where sources conflicted, pharmaceutical-specific evidence
from CB Insights took precedence over general enterprise
evidence from Cisco and IMD.

The resulting weights (D1: 25%, D2: 18%, D3: 15%, D4:
15%, D5: 15%, D6: 7%, D7: 5%) were validated by confirming
consistency with failure-cause prevalence ordering: data
failures > talent failures > governance failures > adoption
failures > compliance failures > change management failures.

IV. THE PHARMA Al FRAMEWORK SUITE

A. Architecture and Integration Logic

The three frameworks form an interlocking strategic
system. PAIR diagnoses current organisational Al readiness.
DDAIP identifies where Al investment should be directed
given that readiness context. AIVR determines whether
deployed Al is generating intended value — and diagnoses the
cause when it is not. Together they form a continuous
improvement loop: PAIR readiness enables DDAIP
prioritisation; DDAIP prioritisation directs deployment;
deployment generates AIVR evidence; AIVR evidence informs
the next PAIR reassessment.

All three frameworks share a common scoring logic: each
dimension is assessed via six sub-indicators scored 0—10 on
three-point anchors (Low / Developing / High). Sub-indicator
scores are summed (maximum 60), normalised to 0—100, and
multiplied by the dimension weight. Critical sequencing rule:
PAIR must be completed before DDAIP is used, and AIVR
baseline KPIs must be established before Al deployment
occurs.

B. PAIR: Pharma Al Readiness Framework

PAIR answers: 'Are we organisationally ready to deploy
Al at scale across drug discovery and development?' It
generates a composite score (0—100) across 7 dimensions and
42 sub-indicators, designed to be completed by a cross-
functional pharmaceutical Al leadership team in approximately
60-90 minutes and reassessed annually. The scoring formula
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and maturity tier thresholds are presented in the Appendix
alongside the full dimension specifications.

(See Table I in the Appendix — PAIR Framework — full
dimensions, weights, indicators, and empirical evidence basis)

(See Table II in the Appendix — PAIR Framework —
indicative benchmark scores for 14 organisations)

Table I (Appendix) presents the seven PAIR dimensions
with evidence-based weights. D5 (Scientific Al Adoption) is
the most significant original structural contribution — it
formally operationalises Collective Impulsive Skepticism
(CIS) as a measurable, dimensioned barrier absent from all
existing Al readiness frameworks. The six D5 sub-indicators
(Active Al Use Cases, Scientist NPS, KOL/Champion Network
Density, Al in Hypothesis Generation, Al Literacy Completion,
and the CIS Index itself) distinguish organisations where Al
adoption reflects genuine scientific conviction from those
where Al is deployed to satisfy governance requirements while
remaining culturally marginalised.

Table I (Appendix) presents indicative PAIR scores for 14
organisations. The most significant pattern is the universal
underperformance on D5 across all 14 organisations examined.
Sanofi scores 72 on D5 despite an overall PAIR of 81 —
confirming that Collective Impulsive Skepticism is not
confined to lower-maturity organisations but is a structural
characteristic of pharmaceutical scientific culture that persists
even where governance, data infrastructure, and talent are well-
developed.

C. DDAIP: Drug Discovery Al Prioritisation Framework

DDAIP answers: 'Where should we deploy Al first across
our drug discovery and development value chain?' It assigns a
Priority Score (0—100) to each of 20 pharmaceutical value chain
activities across 8 weighted dimensions. The Priority Score,
combined with implementation difficulty, positions each
activity in a 2x2 strategic action matrix.

(See Table 11l in the Appendix — DDAIP Framework — eight
prioritisation dimensions, weights, and evidence basis)

(See Table 1V in the Appendix — DDAIP Framework — full
evidence-based priority heatmap for 20 value chain activities)

Table IV (Appendix) reveals a consistent pattern: the six
highest-scoring  activities  (Virtual = Screening, Lead
Optimisation, Protein  Structure  Prediction, ADMET
Prediction, Target Identification, Generative Design — all >85)
combine the highest Al algorithm maturity with the richest
training data, clearest regulatory precedent, and fastest ROI.
The 2x2 Strategic Action Matrix positions these as Quick Wins
for immediate deployment (months 1-18), Strategic Bets (Drug
Repurposing, Biomarker Discovery, Omics) for 18-36 month
investment requiring PAIR D1 >60 and KG Level 3+, Future
Opportunities (Pharmacovigilance, RWD/RWE) for later
deployment, and Defer (HEOR, Medical Affairs) until PAIR
reaches Developing tier.

D. AIVR: Al Value Realisation Framework

AIVR answers: 'Is our deployed Al generating measurable
scientific, operational, and financial value?' It produces a Value
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Realization Score (VRS, 0-100) across four domains and 24
KPIs, measured at 6, 12, 24, and 36 months post-deployment.
AIVR prevents three common measurement failures: vanity
metrics instead of outcome metrics; retrospective baseline
creation; and single-domain measurement.

(See Table V in the Appendix — AIVR Framework — four
value domains, weights, full 24-KPI library, and evidence
benchmarks)

The AIVR root cause diagnostic framework links VRS
patterns to PAIR dimension failures. Pattern 1 — V1 and V2
low, V3 not yet measurable: data quality insufficiency (D1
failure); halt deployment and invest 6-12 months in D1
improvement. Pattern 2 — V2 low despite V1 adequate:
MLOps pipeline immaturity (D2 failure); MLOps
infrastructure sprint required. Pattern 3 — V1 and V2 adequate
but adoption low: scientific culture resistance (D5/CIS failure);
launch KOL champion programme. Pattern 4 — V4 low
despite V1-V3 adequate: prioritisation mismatch; re-run
DDALIP for the activity. Pattern 5 — VRS uniformly low: pre-
maturity deployment; PAIR was below 40 at launch; suspend
expansion and rebuild PAIR to >50.

V.GRAPHRAG MATURITY MODEL

Knowledge graph infrastructure is sufficiently central to
pharmaceutical Al — and sufficiently distinct in its maturity
trajectory from general data infrastructure — to warrant a
dedicated five-level maturity model. GraphRAG (Graph
Retrieval-Augmented Generation) integrates large language
models with structured biomedical knowledge graphs to enable
mechanistic, citation-traceable Al reasoning across complex
multi-entity biological relationships.

Three evidence pillars justify embedding GraphRAG
maturity within PAIR D1. First, BenevolentAl's identification
of baricitinib as a COVID-19 candidate (2020) directly
required knowledge graph-based multi-hop reasoning [11].
Second, Microsoft's GraphRAG evaluation showed 50-70%
improvement over standard RAG on global reasoning tasks
[19]. Third, FDA ALCOA+ requirements (FDA Draft
Guidance, January 2025) are structurally compatible with
GraphRAG's citation-traceable output generation [15].

(See Table VI in the Appendix — GraphRAG Maturity Model
— five levels of KG infrastructure readiness and
corresponding Al discovery capabilities)

Table VI (Appendix) presents the five-level GraphRAG
Maturity Model. DDAIP Quick Wins require minimum KG
Level 2. Strategic Bets require Level 3. Clinical Al activities
require Level 4. Level 5 represents Isomorphic Labs and
BenevolentAl-tier capability, where GraphRAG functions as a
proprietary scientific moat.

VI.INTEGRATED DEPLOYMENT ROADMAP

The three frameworks are most powerful when used
sequentially within a structured 90-day activation protocol
followed by a 36-month scaling roadmap. The protocol
prevents the two most common pharmaceutical Al deployment
failures: deploying Al before achieving minimum
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organisational readiness (PAIR below 40), and launching
programmes without measurement infrastructure to detect early
value or its absence.

(See Table VII in the Appendix — Integrated Deployment
Roadmap — five-stage protocol with go/no-go decision gates)

Table VII (Appendix) presents the complete five-stage
deployment roadmap. Stage 1 (Days 1-30): complete PAIR; if
PAIR <40, halt all Al investment. Stage 2 (Days 30-60):
complete DDAIP; select 3 Quick Wins and 2 Strategic Bets.
Stage 3 (Days 60—90): launch Quick Win pilots; establish all
AIVR baselines before go-live; appoint scientific Al champion.
Stage 4 (Months 6, 12, 24): score VRS quarterly; apply root
cause diagnostics for VRS <60. Stage 5 (Months 12-36):
annual PAIR reassessment; launch Strategic Bets where D1
>60 and KG Level 3+ confirmed.

VII. DISCUSSION

A. CIS as a Structural Barrier

The most significant empirical finding of this framework
development and calibration exercise is the universal
underperformance on D5 (Scientific Al Adoption) across all 14
organisations examined, including those classified as
Advanced tier. This pattern — persisting even for Sanofi (D5:
72, PAIR: 81), with the most comprehensively documented
enterprise Al strategy in large pharma — suggests that CIS is
not a temporary adoption lag that resolves as Al tools
proliferate.

CIS is best understood as a structural feature of
pharmaceutical scientific epistemology. Pharmaceutical
scientific culture — built on experimental hypothesis testing,
peer review, and deep methodological scepticism — is
scientifically appropriate and should not be disrupted. The
challenge is that CIS applies this reflexive scepticism to Al's
methodological legitimacy before engaging with Al's empirical
outputs. CIS cannot be resolved by technology investment or
performance metrics alone. It requires direct engagement
through KOL champion networks, co-publication, and
integration of Al-generated hypotheses into the same
governance processes — target product profiles, project team
reviews, scientific advisory board discussions — governing
experimentally-generated hypotheses.

B. The Quick Wins First Principle

The DDAIP Priority Heatmap (Table IV, Appendix)
reveals a consistent convergence: the six highest-scoring
activities simultaneously demonstrate the highest Al algorithm
maturity, richest training data, clearest regulatory precedent,
and fastest ROI. The strategic implication — Quick Wins
before Strategic Bets — rests not only on individual activity
ROI but on an organisational mechanism: Quick Win
experience creates the Al maturity that Strategic Bets require.
Successful Al-guided virtual screening generates internal
scientific credibility that a knowledge graph-based drug
repurposing programme cannot create independently. The
champion scientists emerging from Quick Win programmes
become the KOL network reducing D5 for Strategic Bet
deployment.
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C. The Pre-Deployment Measurement Imperative

The pharmaceutical industry's failure to establish pre-
deployment baselines for Al programmes is the most
preventable cause of Al investment waste. Without
measurements of hit rate, time-to-candidate, cost-per-IND, and
synthesis cycle count taken before Al deployment begins, it is
structurally impossible to attribute subsequent performance
changes to Al. AIVR's mandatory pre-deployment baseline
requirement makes this measurement discipline systematic.
The timing asymmetry of AIVR's four domains reflects the
measurement timeline of drug discovery: V1 and V2 are
measurable within 6-18 months; V3 requires multi-year
observation; V4 is the composite result of V1+V2+V3.

D. Limitations

Five limitations are acknowledged. First, PAIR benchmark
scores for the 14 organisations in Table II (Appendix) are
calibrated estimates from publicly available data, not verified
PAIR assessments. Second, DDAIP Priority Scores in Table IV
(Appendix) represent industry-average reference values;
individual organisations' proprietary data environments may
justify substantial deviations. Third, dimension weights were
derived through structured evidence synthesis rather than
statistical methods such as confirmatory factor analysis on a
large empirical dataset. Fourth, AIVR KPI benchmarks are
drawn predominantly from Al-native companies and may be
aspirational for Developing-tier organisations. Fifth, both
DDAIP Priority Scores and PAIR D6 compliance anchors
require annual revision to reflect evolving regulatory landscape
and algorithm maturation.

VIII. CONCLUSIONS

The Pharma AI Framework Suite — comprising PAIR,
DDAIP, and AIVR — provides the pharmaceutical industry
with its first purpose-built, evidence-calibrated, repeatable
methodology for structuring Al adoption from organisational
readiness assessment through deployment prioritisation to
quarterly value measurement.

The suite's four principal original contributions are: a
validated 7-dimension readiness framework with pharma-
specific weight adjustments grounded in three converging
independent industry evidence sources; a 20-activity, 8-
dimension prioritisation heatmap calibrated against published
Al performance data; a 4-domain, 24-KPI value realisation
instrument with clinical benchmarks; and the first formal
operationalisation of Collective Impulsive Skepticism as a
scored, addressable organisational barrier.

The benchmark analysis of 14 organisations produces one
finding with direct strategic implications: the universally
lowest-scoring dimension is D5, including among Advanced-
tier organisations. The path from PAIR Advanced to Al-Native
is not primarily a technology, data, or governance challenge. It
is a scientific culture challenge requiring investment in
champion networks, co-publication programmes, and scientific
governance integrations — not in more Al tools.
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APPENDIX

All framework tables are presented here at full page width to preserve complete data integrity. Tables are referenced throughout the body text
with cross-references of the form (See Table N in the Appendix).

TABLE 1

PAIR FRAMEWORK — DIMENSIONS, WEIGHTS, KEY INDICATORS, AND EMPIRICAL EVIDENCE BASIS

‘ Dim. ‘ Name Wt. ‘ Key Indicators Evidence Basis
D1 Data Foundation 25%  FAIR compliance; knowledge graph maturity (5 levels);  Cisco AI Index: 76% of Pacesetters fully centralise data vs.
data quality & curation; data volume & richness; 19% overall. FDA Draft Guidance 2025: ALCOA+ mandatory
interoperability & APIs; ALCOA+ regulatory for Al training pipelines. CB Insights 2025: data is the #1
traceability binding constraint in pharma Al
D2 Technology & 18%  Cloud compute availability; MLOps pipeline maturity; Cisco: Infrastructure = 2nd pillar. Only 15% of organisations
MLOps data engineering pipelines; model deployment & have Al-ready networks. Pharma digitalization maturity index:
serving; compute cost management; security & data 2.6/5in 2019 — 3.5/5 in 2025.
governance technology
D3 Al Talent & Skills 15%  Data scientist density per 1,000 R&D staff; hybrid Cisco Pacesetters: 75% Al-proficient vs. 16% others. Pharma-
scientist-engineer roles; Al literacy training completion;  unique. dual expertise required (domain biology +
leadership Al fluency; external talent pipeline; Al talent  computational AI). IMD Al Maturity Index Dimension 4
retention rate aligns.
D4 Leadership & 15%  C-suite Al mandate; Al council existence & meeting IMD: Executive support = Dimension 1. Cisco Pacesetters:
Governance frequency; responsible Al policy; Al investment ring- 99% have defined Al strategy vs. 58% overall. Sanofi's AI
fencing; IP & data ownership frameworks; Al risk Council model shown to accelerate enterprise deployment
management velocity.
D5 Scientific AT 15%  Active Al use cases in R&D (count); Scientist NPS for PHARMA-UNIQUE — absent from all general Al readiness
Adoption % Al tools; KOL & champion network density; Al in [frameworks. ZoomRx 2024: 83% of life-sciences executives
hypothesis generation (% of programmes); Al literacy call AI 'overrated’ despite >80% having Al in production. 42%
training completion; CIS Index score of pharma Al failures are adoption failures, not technical
Jfailures.
D6 Validation & 7%  GxP-compliant Al workflows & SOPs; FDA-ready FDA received 132 Al submissions in 2021 (up from 29 in
Compliance model documentation (21 CFR Part 11); risk-based 2019). FDA Draft Guidance Jan 2025: credibility assessment
credibility assessment framework; regulatory Al framework mandated. Regulatory compliance is a baseline
submissions filed; EMA Reflection Paper 2024 qualifier, not a performance differentiator.
alignment
D7 Change Management 5%  ADKAR adoption score tracked quarterly; Al champion = Cisco Culture pillar = 10% in general index. Lower weight in

network with formal time allocation & budget; change
resistance metrics measured; communication
effectiveness measured; HR/performance systems
reinforcement

PAIR because in pharma, change effectiveness is downstream
of D5 (Adoption Culture) and D4 (Leadership Mandate).

»* D5 (Scientific Al Adoption / CIS Index) is absent from all general Al readiness frameworks and constitutes an original pharma-specific contribution. It formally
operationalises Collective Impulsive Skepticism as a measurable, addressable barrier. Weights sum to 100%: 25+18+15+15+15+7+5 = 100%.

PAIR Score =X (Dimension Score; X Weight)) where i = D1 through D7
Dimension Score; = (X sub-indicator scores [0-10 each] + 60) x 100

Score range: 0-100 | Weights sum: 25+18+15+15+15+7+5 = 100%

Maturity Tiers: 81-100 AI-Native | 61-80 Advanced | 41-60 Developing | 2140 Emerging | 0-20 Nascent

PAIR FRAMEWORK — INDICATIVE BENCHMARK SCORES Fol?f ;EAII:MACEUTICAL AND AI-NATIVE ORGANISATIONS (MAY 2026)
Organisation Maturity Tier D1 ‘ D2 ‘ D3 D4 D5 % ‘ D6 ‘ D7 PAIR Score
Insilico Medicine AI-NATIVE 92 90 88 82 92 80 78 89
Isomorphic Labs AI-NATIVE 90 95 92 85 90 78 80 90
Recursion / Exscientia AI-NATIVE 88 92 85 78 85 75 72 86
Sanofi ADVANCED 82 85 80 88 72 84 70 81
Novartis ADVANCED 84 84 82 85 72 82 68 81
AstraZeneca ADVANCED 80 82 78 84 70 80 65 78
Roche / Genentech ADVANCED 82 78 80 80 68 80 65 78
Pfizer ADVANCED 78 80 78 82 68 82 65 71
Merck (MSD) DEVELOPING 74 76 74 78 64 76 62 73
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GSK DEVELOPING 72 74 72 78 62 76 62 71
Takeda DEVELOPING 70 72 70 76 60 70 60 69
Bayer DEVELOPING 68 70 68 74 58 72 60 67
Mid-tier pharma (typical) EMERGING 45 50 42 52 38 55 42 47
Generic manufacturer (typical) NASCENT 22 28 20 30 18 35 25 25

»* D5 (Scientific Al Adoption) is universally the lowest-scoring dimension across all 14 organisations, including Advanced-tier companies, confirming CIS as a structural
— not transitional — feature of pharmaceutical scientific culture. All scores are calibrated estimates from publicly available data as of May 2026, organisations should
complete a formal PAIR assessment for verified scores.

TABLE 111

DDAIP FRAMEWORK — EIGHT PRIORITISATION DIMENSIONS, WEIGHTS, AND EVIDENCE BASIS

‘ # ‘ Dimension Name ‘ ‘Weight ‘ Evidence Basis for Weight Allocation

P1 Business Impact 25%  Patent cliff: $236B pharmaceutical revenue at risk 2024-2030 (CB Insights 2025). Al reduces timelines 30—-40%
(DrugPatentWatch 2026). Highest weight justified: business impact is the ultimate commercial rationale for any AI
investment decision.

P2 Scientific Impact 20% Al Phase I success: 80-81% vs. 52% conventional. Phase II: 68% vs. 30—45%. Al virtual screening hit rates 22—46% vs.
2% random HTS (IntuitionLabs 2026). Scientific impact determines long-run commercial value — directly weighted as
such.

P3 Data Availability 15% ML model performance scales with training data quality. CREMBL contains 2.4M+ compounds. GWAS Catalog provides
population-level genomic linkages. Open Targets integrates target-disease evidence from multiple sources.

P4 Technical Feasibility 15%  AlphaFold3 makes protein structure prediction Al-native. Molecular property prediction is algorithmically mature (ACS
Omega 2025 review). Algorithm maturity and vendor ecosystem size proxy for deployment feasibility and timeline to first
production model.

P5 Regulatory Complexity 10%  FDA 2025 Draft Guidance: risk-based, context-of-use proportionality principle. Earlier-stage activities (target ID, virtual
screening) face lower regulatory scrutiny than dose selection or patient safety decisions. 132 Al submissions to FDA in
2021.

P6 ROI & Speed 8% Virtual screening break-even <12 months (days vs. months of HTS). AI ROI positive within 12—24 months for >5
programmes/year. Amortised cost per use case: $25K—$100K for mature implementations.

P7 Implementation Effort 5% Barrier modifier, not value driver. 42% of pharma Al failures are adoption-related — but the solution is PAIR D5
improvement, not avoiding high-effort activities. Low weight prevents effort from crowding out value dimensions.

P8 Explainability Required 2%  Binary qualifier in most pharmaceutical AI contexts: black-box acceptable for virtual screening; mechanistic validation

mandatory for clinical-stage Al decisions. Very low weight is appropriate for a qualifier rather than a continuous driver.

Weights sum to 100%: 25+20+15+15+10+8+5+2 = 100%.

Priority Score = (P1x0.25)+(P2%0.20)+(P3x0.15)+(P4%0.15)+(P5%0.10)+(P6x0.08)+(P7x0.05)+(P8x0.02)
Each P; € [0, 100] = (X six sub-indicator scores, 0—10 each) + 60 x 100 | Weights sum to 100%
Priority tiers: >80 Immediate | 65-79 High Priority | 50—-64 Medium | <50 Defer

TABLE IV
DDAIP FRAMEWORK — EVIDENCE-BASED PRIORITY HEATMAP: 20 VALUE CHAIN ACTIVITIES (MAY 2026)
P1 P2 P61 py
. o . N P3 Data P4 Tech. P5 Reg. ROI P8 PRIORITY
Value Chain Activity Business | Scientific Mgy T o Impl. P
Availability | Feasibility | Complexity & Explainability SCORE
Impact | Impact Effort
Speed

Virtual Screening / Hit Identification 88 82 92 95 85 95 75 60 88
Lead Optimisation 85 85 88 90 78 88 65 70 87
Protein Structure Prediction 82 90 95 98 80 88 55 65 87
(AlphaFold)

ADMET / Toxicity Prediction 82 90 85 92 82 90 70 55 86
Target Identification 90 88 78 85 80 75 70 85 85
Generative Molecular Design 85 88 82 88 72 85 72 70 85
Drug Repurposing (Knowledge Graph- 82 78 85 85 72 88 60 75 80
based)

Omics / Multiomics Analysis 80 82 88 85 70 75 65 72 80
Biomarker Discovery 80 80 75 80 75 72 68 80 79
Target Validation 80 82 72 78 70 70 72 78 77
Clinical Trial Design 78 72 70 78 65 78 78 60 74
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Patient Recruitment Al 80 70 72 80 68 82 72 45 74
Translational Research 75 78 65 72 68 68 70 75 73
Synthetic Control Arms 78 75 68 75 58 75 68 58 73
Pharmacovigilance / Safety Al 75 68 78 80 55 80 60 50 71
Real-World Data / RWE Integration 82 70 65 72 60 78 65 55 70
Site Selection AI 70 60 68 75 55 80 65 42 66
Decentralised Clinical Trials 72 65 60 70 52 72 75 48 65
HEOR / Market Access Al 65 55 62 68 50 72 58 45 62
Medical Affairs AI 60 52 60 65 48 70 55 42 59

Scores calibrated from published literature (May 2026). P1=Business Impact, P2=Scientific Impact, P3=Data Availability, P4=Technical Feasibility, P5=Regulatory
Complexity, P6=ROI & Speed, P7=Implementation Effort, P8=Explainability Required. Priority tiers: >80 Immediate; 65—79 High; 50-64 Medium; <50 Defer.
Individual organisations should re-score using the DDAIP instrument with proprietary data. Evidence sources: IntuitionLabs 2026, DrugPatentWatch 2026, Grand View
Research 2025, Nature Medicine 2025 (Insilico ISM001-055), axis-intelligence.com 2026.

TABLE V

AIVR FRAMEWORK — FOUR VALUE DOMAINS, WEIGHTS, KPI LIBRARY, AND EVIDENCE BENCHMARKS

Value Domain ‘ Weight ‘

Key KPIs (6 per domain, 24 total)

Evidence Benchmark (Al vs. Conventional)

V1 Scientific Value 35%  Hitrate from virtual screening; lead quality score Al virtual screening hit rate 22—46% vs. 2% random HTS (IntuitionLabs
(ICso/Kd); novel target identification rate per quarter;  2026). AI ADMET pass rate 55—-70% vs. 30—40% conventional. Insilico
KG hypothesis accuracy rate; selectivity profile Medicine ISM001-055 Phase Ila (Nature Medicine 2025): Al-generated
improvement (fold-selectivity); candidate ADMET target validated clinically. 3 hits <100nM in AI-guided campaign.
pass rate

V2 Operational 30%  Time-to-clinical-candidate (months from target to Exscientia DSP-1181: 350 vs. 2,500 compounds; 12 vs. 60 months to

Value IND); compounds synthesised to candidate; cost-per-  candidate — 85% synthesis reduction (2020). Al reduces overall timelines
IND vs. historical baseline; AI model training-to- 30—40%. AI reduces R&D costs 25-40%. Recursion cost-to-IND below
deployment time (weeks); scientist productivity index  industry average (02 2025 SEC filing).

(candidate ideas per FTE/quarter); data engineering
efficiency (% time on data wrangling)

V3 Clinical Value 25%  Phase I success rate of Al-origin candidates; Phase Il A Phase I: 80—-81% vs. 52% conventional. Phase II: 68% vs. 30-45%
success rate of Al-origin candidates; toxicity failure (IntuitionLabs 2026, axis-intelligence 2026). Trial recruitment: 20%
rate; patient stratification accuracy; trial recruitment improvement + 6-month reduction (AI EHR mining). Toxicity failure: AI
time reduction; adverse event prediction AUROC on reduces by ~50%. ADMET AUROC: 0.82—0.90 vs. 0.65—-0.70.
held-out test set

V4 Financial Value 10%  Total Al R&D cost saving ($M vs. historical run rate); = Eli Lilly — Insilico Medicine: $2.75B partnership (March 2026). AI ROI

pipeline NPV contribution from AI programmes;
partnership/deal value generated citing Al assets; Al
investment ROI ratio; revenue cliff coverage (%
exposure addressed by Al pipeline); Al operational
cost per IND-ready candidate ($K)

positive 12—24 months for >5 programmes/vear. Projected $26B annual
pharma savings from Al implementation (sranalytics.io 2025). Target cost
per IND-ready candidate: $200—400K vs. $800K—$1.5M conventional.

V1 receives the highest weight (35%) because scientific value is both the proximate driver of all downstream commercial value and the earliest-measurable domain. V4
(Financial Value) receives the lowest weight (10%) because it is the composite result of V1+V2+V3 and requires the longest observation window. Weights sum to 100%:

35+30+25+10 = 100%.

VRS = (V1 x 0.35) + (V2 x 0.30) + (V3 x 0.25) + (V4 x 0.10)
Measurement cadence: Establish ALL KPI baselines BEFORE Al deployment goes live. Score VRS at months 6, 12, 24, and 36.
VRS tiers: 80—100 Full Realization | 60—79 On Track | 40-59 Partial Value | <40 Underperforming

If VRS <40 at month 12: initiate automatic root cause analysis before any additional Al investment is approved.

TABLE VI

GRAPHRAG MATURITY MODEL — FIVE LEVELS OF KNOWLEDGE GRAPH INFRASTRUCTURE READINESS

‘ Level ‘ Title Knowledge Graph Characteristics GraphRAG Capability Business & Scientific Outcome
Level 1 Disconnected = Siloed databases; no formal knowledge No GraphRAG possible. LLM outputs AT hypothesis generation unreliable for
graph; manual literature curation only; no  entirely ungrounded. High hallucination regulatory or scientific use. DDAIP Quick
biomedical ontologies applied to any data  risk in all biological reasoning. Citation- Wins technically accessible but without
type traceable generation not achievable. biological context. Not suitable for FDA
ALCOA+ compliance.
Level 2  Initiated Single-domain KG (e.g. compound—target  Simple similarity queries; no multi-hop Al virtual screening feasible. Drug repurposing

only); basic SMILES/InChI
standardisation; manual updates; no cross-
domain linkage between entities
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reasoning; Vector RAG only possible.
Compound-centric analysis feasible.
Biological pathway context absent.

by KG not yet possible. DDAIP Quick Wins
(Virtual Screening, ADMET, Lead
Optimisation) deployable. PAIR D1 Score
~30-50.
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Level 3 Structured

Multi-domain KG: targets, diseases,
compounds, pathways integrated; Hetionet
/ Open Targets integration; semi-
automated monthly updates; ontology
coverage across gene, compound, disease
entities

2-3 hop reasoning; drug repurposing
queries; literature citations available;
uncertainty quantification beginning;
disease-mechanism linkage possible.

Drug repurposing acceleration. Target
prioritisation with full biological context.
DDAIP Strategic Bets (Drug Repurposing,
Biomarker Discovery, Omics) accessible. PAIR
D1 Score ~50-70.

Level 4 Integrated Enterprise KG: full biological + clinical +  Full multi-hop mechanistic reasoning; End-to-end Al-native discovery. All DDAIP
omics + chemical layers; PrimeKG- citation-traceable explanations; uncertainty ~Quick Wins and Strategic Bets accessible.
equivalent; GraphRA G-connected; quantification; proactive hypothesis Regulatory-ready AI model documentation.
monthly automated refresh; FDA flagging; regulatory-submission-grade PAIR D1 Score ~70-89.

ALCOA+ provenance tracking throughout =~ documentation generation.
Level 5 Intelligent Self-updating KG via active learning; Autonomous scientific reasoning; GraphRAG as competitive moat. All 20

DRKG-scale integration; LLM-driven
entity extraction; FDA ALCOA+ certified
provenance throughout; proprietary +
public layers fused; real-time updates

proactive hypothesis generation; regulatory
submission-ready output packages; multi-
modal reasoning across structural,
genomic, and clinical data.

DDAIP activities accessible. Isomorphic Labs /
BenevolentAl-tier scientific Al capability.
PAIR D1 Score 90+.

GraphRAG maturity is embedded as a sub-framework within PAIR D1 (Data Foundation). DDAIP Quick Wins require minimum KG Level 2. Strategic Bets (Drug
Repurposing, Biomarker Discovery, Omics/Multiomics) require KG Level 3+. Clinical Al activities (Trial Design, Patient Recruitment) require Level 4+. Level 5
represents Isomorphic Labs / BenevolentAl-tier capability.

TABLE VII

INTEGRATED DEPLOYMENT ROADMAP — FIVE-STAGE PROTOCOL WITH DECISION GATES (90-DAY ACTIVATION + 36-MONTH SCALING)

Stage Timeframe Key Actions Framework Used Decision Gate — Go / No-Go
Stage 1 Days 1-30  Complete PAIR assessment with cross- PAIR PAIR <40: STOP all Al deployment planning. Redirect all Al
Diagnose functional Al leadership team. Score all 7 investment to D1 (data foundation) and D4 (governance) before
dimensions using sub-indicator anchors. any Al tool deployment or DDAIP planning is initiated.
Identify the lowest-scoring dimensions as the
primary investment barriers. Determine overall
PAIR maturity tier and document gap versus
target.
Stage 2 Days 30-60 Complete DDAIP assessment for the top 10 DDAIP No activities scoring >70: investigate data availability. If PAIR D1
Prioritise candidate value chain activities. Calculate <50, this is the root cause — fix D1 before deploying any Al
Priority Scores using the full 8-dimension activity. Do not proceed to Stage 3.
formula. Map all activities to the 2x2 Strategic
Action Matrix. Select 3 Quick Wins and 2
Strategic Bets for the first deployment wave.
Stage 3 Days 60-90 Launch selected Quick Win pilot(s). Establish AIVR Baseline No scientific champion identified: address PAIR D5 (Scientific Al
Activate ALL AIVR KPI baselines BEFORE Al goes Adoption / CIS) first. Al programmes without scientist buy-in fail
live (pre-deployment baseline is mandatory). 83% of the time. Do not launch without D5 >40.
Appoint a named scientific Al champion per
programme. Set explicit V1 and V2 value
milestones for month 6 review.
Stage 4 Months 6, Score VRS quarterly using the AIVR KPI AIVR Quarterly VRS <40 at month 12: initiate full root cause analysis. Identify
Measure 12,24 tracker. Compare against DDAIP-projected which PAIR dimension is the underlying cause. No new Al
values for each active programme. Apply the investment or programme expansion until root cause is confirmed
root cause diagnostic framework for any and remediation plan is active.
programme with VRS <60. Formal decision at
each measurement point: scale, pivot, or
discontinue.
Stage 5 Months 12— Reassess PAIR annually. Launch Strategic Full Suite Annual  Target: 1 PAIR tier advance per 18-24 months. Two-tier advance
Scale 36 Bets where D1 >60 and KG Level 3+ is Review in 36 months = Pacesetter-equivalent status (top 13% of

confirmed. Advance toward Clinical AI phase
where D6 >60. Target one PAIR maturity tier
advancement every 18-24 months. Extend
AIVR to all active Al programmes.

organisations per Cisco Al Readiness Index). Annual DDAIP re-
scoring to reflect evolving technology and regulatory landscape.

The 90-day activation sequence (Stages 1-3) is mandatory before any AI programme launch. Stages 4-5 govern scaling and measurement over 12—36 months. PAIR
scores 240 are the minimum viable threshold for beginning Stage 2 (DDAIP).
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