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Abstract 
 

linical development is entering a regime in which the dominant source of risk 
is no longer only the absence of data, but also the inability to reason 
coherently across heterogeneous, evolving, and only partially observed 

evidence streams, where uncertainty necessarily depends on priors derived from 
external knowledge. Biological uncertainty, operational variability, regulatory 
interpretation, and competitive dynamics interact non-linearly, yet current derisking 
approaches treat them as separable problems addressed at different moments in the 
development lifecycle. As a result, organisations continue to make large, irreversible 
commitments based on fragmented and imperfect reasoning, discovering critical failure 
modes only after substantial capital, time, and patient participation have already been 
invested.  

The opportunity created by advances in machine learning is therefore not merely to 
improve individual trial components, but to fundamentally redesign how clinical 
development decisions are reasoned about and made. The central thesis of this white 
paper is that derisking should instead be supported by a continuous multi-agent learning 
system operating across the entire development system. Such a system must integrate 
heterogeneous evidence streams from discovery, prior trials, real-world data, operational 
signals, regulatory constraints, and the evolving therapeutic landscape, reason about how 
these jointly shape the conditions under which trials fail, succeed, or make a true impact on 
patients, and based on this knowledge, inform how clinical trials are conducted and 
derisked.  

To enable this shift, I propose a coordinated multi-agent machine learning 
framework operating over shared causal digital twins of patients, trial 
populations, and development environments.  

Specialised agents representing biological, statistical, operational, regulatory, and 
competitive perspectives will interact through structured and auditable communication 
and negotiation, enabling structured disagreement, counterfactual exploration, and early 
identification of fragile assumptions across the trial lifecycle. By transforming derisking from 
a sequence of isolated predictive tasks into a continuous learning and reasoning process, 
the framework enables proactive decision-making to shape trial success conditions, earlier 
identification of avoidable failures, and sustained alignment between evidence generation 
and real-world clinical relevance. It is important to note that both the specialised agents 
and the digital twins over which they make decisions are designed to use interpretable, 
auditable machine-learning models that make assumptions, uncertainties, and decision 
logic explicit, ensuring that the resulting reasoning remains scientifically transparent and 
suitable for regulatory evaluation.  

This white paper aims to move clinical development beyond protocol-centric optimisation 
toward continuously learning clinical trial systems capable of adapting not only trial 
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execution, but the broader development strategy itself as scientific, operational, and 
competitive environments evolve. This is why the framework proposed here cannot be 
designed, evaluated, or deployed within a single disciplinary perspective. Therefore, this 
paper is written for a broad interdisciplinary audience including clinical trialists, statisticians, 
clinicians, regulators, operational leaders, and machine learning researchers; it aims not to 
present a field-specific methodological proposal, but to articulate a shared system-level 
vision and technical foundation that can enable these communities to come together to 
collectively develop continuously learning clinical development infrastructures. 

 

1. Current Approaches to Derisking 
Trials Are No Longer Sufficient 

linical trials are currently derisked through a sequence of loosely connected 
activities that mirror the traditional phase structure of drug development. 
Biological risk is partially explored during discovery and preclinical development 

through experimental models, mechanistic studies, and early biomarker analyses. These 
stages are effective at establishing target engagement, biological plausibility, and the 
absence of obvious safety liabilities, but substantial uncertainty regarding clinical efficacy 
and human safety typically remains when treatments enter clinical trials. Indeed, lack of 
efficacy and unexpected safety signals continue to be the dominant causes of clinical trial 
failure, indicating that a large proportion of biologically relevant uncertainty is resolved only 
during clinical development itself. Statistical risk is addressed largely at the design stage 
through power calculations and limited scenario analyses. Operational and execution risks 
are often managed reactively once the trial is underway. Regulatory considerations are 
often treated as downstream constraints, addressed through post hoc justification of design 
choices. Competitive risk from other treatments and evolving standards of care, despite 
being decisive for real-world impact, is rarely modelled explicitly. As a result, clinical 
development decisions are made through imperfect and fragmented reasoning across 
biological, statistical, operational, regulatory, and competitive dimensions that are deeply 
interdependent in practice. As a result, risk is frequently discovered late, when options for 
mitigation are limited, costly, or no longer feasible [1-3]. (A formal taxonomy of 
development risk is provided in Appendix F.) 

The approach proposed here starts from a different premise. Rather than asking what the 
expected probability of success is under a fixed set of assumptions, it asks under which 
biological, statistical, operational, regulatory, and competitive conditions a trial succeeds 
or fails, which of these conditions are fragile or unlikely to hold, and how emerging failure 
modes can be identified and mitigated early. This reframing shifts derisking away from 
reliance on single-point probability-of-success estimates and isolated risk assessments 
toward explicit, decision-oriented reasoning about the conditions under which trials 
succeed or fail, enabling systematic evaluation of robustness under uncertainty, sensitivity 
to changing assumptions, and earlier identification of emerging failure mechanisms. 

To implement this shift, I propose introducing a machine learning (ML) framework in which 
different sources of trial and clinical development risk are modelled and reasoned about 
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by specialised agents operating over shared digital twins of the patients to be enrolled in 
the trial, as well as the organisational and care-pathway environments in which these 
patients are treated. Each agent brings a distinct form of expertise together with associated 
data, prior knowledge, and experience learned from past trials, reflecting how these 
dimensions are handled in practice by different stakeholders (rather than collapsing 
biological, statistical, operational, regulatory, and competitive considerations into a single 
model or objective like in many current approaches). However, these agents do not act 
independently; they interact through structured communication and negotiation, using 
digital twins as a common causal substrate through which they can individually and jointly 
test assumptions, uncover contradictions, evaluate alternative strategies, and reason about 
downstream consequences. In this way, the framework makes explicit the trade-offs and 
dependencies that are typically resolved informally or sequentially in clinical development, 
enabling systematic, ML-driven reasoning about robustness and failure modes across the 
full trial lifecycle. 

The framework used digital twins and specialised AI agents to enable systematic learning 
across phases, early exploitation of contradictions, and principled evaluation of pivots 
before they are implemented in the real trial.  

I propose defining an ML-enabled reasoning and learning layer that sits 
above and alongside the protocol, supporting continuous decision-

making throughout and beyond the trial lifecycle rather than freezing 
strategic thinking at the moment of protocol approval. I note here that 
while adaptive trials improve e<iciency within protocols; the framework 

proposed here improves learning across the entire clinical development 
system. 

 

2. Defining Trial Success, Failure, & Risk 
n this work, we distinguish between evidentiary success and development 
success. From an evidentiary perspective, a clinical trial is successful if it produces a 
clear and actionable answer regarding the effect of an intervention, regardless of 

whether the treatment ultimately proves effective. From a development perspective, 
however, success is typically associated with identifying therapies that demonstrate 
meaningful clinical benefit and remain relevant within the evolving therapeutic landscape. 
These distinctions imply different, but complementary, notions of trial risk. 

We define three primary forms of trial failure that a proactive derisking framework should 
explicitly address.  

The first consists of informational failures, in which trials do not produce interpretable or 
actionable conclusions.  
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The second consists of therapeutic failures, in which trials produce clear evidence that a 
treatment is ineffective.  
 

The third consists of relevance failures, in which trials demonstrate treatment efficacy but 
their conclusions become partially or fully obsolete due to shifts in standards of care, 
competing therapies, or evolving treatment pathways before their findings can translate 
into meaningful clinical impact. 

The objective of the framework proposed in this paper is to reduce the frequency of these 
three classes of failure by enabling earlier identification of fragile assumptions, earlier 
learning about likely ineffectiveness, and continuous reassessment of evidence. 
Implementing this vision requires a learning architecture capable of reasoning 
simultaneously about biological plausibility, statistical validity, operational feasibility, 
regulatory interpretability, and competitive relevance, while continuously updating these 
assessments as evidence accumulates. This motivates the development of a coordinated 
multi-agent machine learning framework operating over shared causal digital twins that 
support decision-theoretic reasoning across the entire trial lifecycle. These will be 
described next. 

 

3. Building Decision-Oriented Digital 
Twins  

igital twins in the framework proposed in this white paper are decision-oriented, continuously 
evolving representations not only of individual patients, but also of trial processes, 
development programmes, and the surrounding therapeutic and regulatory environments. 

Together, these twins support counterfactual reasoning and evaluation of interventions and 
policies by the agents described in the next section. For digital twins to be usable in this 
context, they must generalise beyond observed data, remain informative under 
distributional change, and be easily adapted to incorporate new evidence incrementally 
without requiring complete redesign or retraining. 

Different layers of digital twins can help address distinct development questions which 
either AI agents or human decision makers may pose at different moments in time. Patient-
level twins answer: What is likely to happen to this type of patient under alternative 
treatments? Operational twins answer: How will recruitment, adherence, and execution 
dynamics unfold at different sites and under different conditions? Trial-level twins answer: 
What evidence will a given trial design produce under realistic patient and operational 
conditions?  Ecosystem twins answer: How will the external therapeutic and competitive 
environment evolve over the course of development?  

These digital twins are causal, adaptive representations that encode not only observed data 
but also mechanistic assumptions, uncertainty, and competing hypotheses carried forward 
from discovery, preclinical experimentation, and early clinical studies. They are constructed 
using a combination of historical clinical trial datasets, blinded operational and pooled 
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outcome summaries from ongoing trials, mechanistic or disease-progression models 
where available, and relevant external real-world or prior-study evidence. As new 
information accumulates during trial execution, the twins update continuously, identifying 
where incoming data reinforce prior assumptions and where they contradict them. 
Calibration and validation follow established model-qualification practices, including 
ongoing monitoring of predictive and counterfactual reliability, ensuring that uncertainty 
and potential model bias are transparently quantified and made available to both AI agents 
and human decision-makers. 

Patient-level digital twins generate individual or population-level disease trajectories and 
treatment-response dynamics. Built from clinical trial data, real-world observational 
datasets, biomarker and omics information where available, and mechanistic knowledge of 
disease progression, these twins model how different patient subpopulations are expected 
to respond under alternative treatment strategies and evolving care pathways. Their 
primary role within the framework is to enable counterfactual reasoning about treatment 
effects, heterogeneity of response, and evolving risk–benefit profiles. 

Operational twins capture how trials unfold in practice by modelling (i.e. generating) 
recruitment dynamics, patient flow, site behaviour, enrolment pipelines, adherence 
patterns, and operational delays across centres and geographies. Learned from 
observational real-world data together with historical and ongoing trial records, these twins 
enable agents to reason about feasibility, timelines, and execution risk in parallel with 
biological and statistical considerations—an essential capability in settings where 
development failure is often driven not only by treatment effects but by recruitment 
breakdowns, heterogeneity in site performance, or operational constraints interacting with 
trial design. 

Trial-level digital twins generate simulated evidence trajectories that describe how a 
given protocol translates biological responses and operational execution into analysable 
data and inferential outcomes over time. Operating as integrative evidence-generation 
twins, they combine inputs from patient-level twins (providing projected treatment-
response and outcome trajectories across heterogeneous populations) and operational 
twins (providing projected recruitment, adherence, and follow-up dynamics) with protocol 
specifications and historical design and performance data. Using these inputs, the trial-level 
twin produces continuously updated projections of enrolment and information accrual, 
subgroup balance, event-rate and variance trajectories, and operating-characteristic 
profiles such as power, precision, bias risk, and robustness under alternative patient-mix or 
execution scenarios. By representing the mapping from design to data to inference within 
realistic biological and operational conditions, the twin enables prospective comparison of 
alternative trial strategies before implementation. 

Ecosystem-level twins represent the evolving therapeutic and competitive landscape, 
including emerging therapies in development, anticipated regulatory timelines, changes in 
standards of care, and shifts in treatment pathways. By modelling how the external 
environment may evolve during the development horizon, these twins allow development 
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strategies to be evaluated not only for scientific validity and operational feasibility but also 
for their likely clinical and market relevance when results become actionable. 

A core design principle of the framework is interpretability. The digital twins are 
constructed using causal, mechanistic, and otherwise interpretable machine-learning 
representations in which structural assumptions and uncertainty are explicitly represented 
and auditable. The quality of such twins depends on the extent of prior knowledge available 
within a therapeutic area, yet useful twins can be developed across a wide range of 
knowledge regimes. In areas with strong biological understanding and extensive historical 
data, twins combine mechanistic models with machine-learning components to capture 
residual complexity; in less-understood settings, they function initially as uncertainty-aware 
hypothesis-testing environments that become progressively more structured as evidence 
accumulates. 

Unlike conventional simulation environments focused primarily on prediction, the 
proposed framework emphasises decision-oriented digital twins designed to preserve 
the reliability of comparative evaluations across treatment options, subgroups, and trial 
designs, even when precise outcome prediction remains uncertain. Their purpose is to 
generate plausible trajectories that support counterfactual reasoning under distributional 
change and to expose which assumptions must hold for a given trial strategy to remain 
scientifically interpretable, regulatorily defensible, and operationally feasible. By allowing 
learning to persist across phases rather than resetting at each transition, these twins enable 
principled exploration of alternative development strategies before costly real-world 
commitments are made. 

Finally, by unifying patient-level, trial-level, operational, and ecosystem representations, the 
framework constructs a coordinated development-level twin that generatively simulates 
alternative development pathways, enabling systematic exploration of how biological 
effects, trial design strategies, execution dynamics, and the therapeutic landscape jointly 
influence clinical trial outcomes. 

For more information on our extensive work on digital twins, see https://www.vanderschaar-
lab.com/understanding-digital-twins/ 
 

4. Multi-Agent Reasoning, Learning and 
Decision Support Across the Trial 
Lifecycle 

 envision developing a machine learning framework that treats the entire 
development lifecycle as a single, evolving reasoning, learning and decision 
support problem rather than a sequence of disconnected phases. Operating over 
the shared digital twins described in the previous section is a network of specialised 
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agents (or next-generation agents, which I call Genies), each responsible for a distinct 
dimension of trial success.  

Biological agents maintain and interrogate patient-level and subgroup-level digital twins 
that capture disease progression, treatment response, resistance mechanisms, and 
biomarker dynamics. Using causal and representation-learning methods that explicitly 
model heterogeneity and temporal evolution, these agents test the stability of subgroup 
definitions, explore treatment sequencing and combination effects, and identify biological 
assumptions that are likely to break under real-world conditions. In practical terms, the 
biological agent can function as a continuously learning biological-reasoning and 
intervention-design system that integrates mechanistic knowledge, experimental evidence, 
molecular data, and clinical observations into causal representations of disease 
progression and treatment response. These representations are organised through 
continuously evolving biological knowledge graphs that encode relationships among 
pathways, targets, biomarkers, disease mechanisms, and therapeutic interventions, 
enabling structured reasoning across heterogeneous biological evidence sources. Using 
these models, the agent evaluates the plausibility, stability, and heterogeneity of treatment 
effects across patient subgroups, identifies potential resistance mechanisms and 
biomarker–treatment interactions, and detects emerging risks that may compromise the 
trial. 

This agent can also support complex decision-making by evaluating alternative intervention 
strategies (e.g. treatment sequencing, dosing strategies, biomarker-driven enrichment 
policies, and combination therapies), through causal simulation and counterfactual 
reasoning tools operating over the patient-level digital twins. The biological agent supports 
early testing of competing biological hypotheses and prospective evaluation of how 
alternative biological strategies may influence clinical development success before 
irreversible development commitments are made. 

Statistical agents operate on trial-level and subgroup-level digital twins that encode the 
target estimands and the evidentiary structure required for their identification, including 
intercurrent-event handling strategies, censoring and missing-data mechanisms, potential 
sources of bias, and the evolving characteristics of the enrolled population. Conceptually, 
the statistical agent functions as a continuously learning inferential reasoning and decision-
support system that monitors whether accumulating evidence remains capable of 
supporting identifiable, interpretable, and regulatorily credible causal conclusions under 
the intended estimands. 

Unlike traditional statistical workflows, which assess inferential properties primarily at the 
protocol-design stage and at scheduled interim or final analyses, the statistical agent 
continuously updates its assessments as new evidence becomes available. By learning over 
evolving enrolment, operational, and outcome data streams, the agent evaluates how 
changes in population composition, protocol adherence, missingness patterns, operational 
variability, adaptive decisions, or emerging external evidence may affect identifiability, 
precision, generalisability, and robustness of treatment-effect estimation. 

https://www.vanderschaar-lab.com/genies-the-future-of-ai-agents/
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In practice, the agent operates under strict data-governance and inferential-separation 
principles aligned with current clinical-trial operations. It primarily accesses operational and 
design-relevant data streams that are routinely monitored during trial conduct without 
compromising treatment blinding. These may include recruitment dynamics, site-level 
Clinical Trials Management System (CTMS) operational metrics, protocol adherence 
indicators, visit completion patterns, missing-data and dropout profiles, and Electronic 
Data Capture-quality measures. Blinded or pooled outcome summaries may also be used 
to monitor variance and inferential robustness. Access to treatment-level outcome data 
remains restricted to the same governance structures that control interim analyses, such as 
independent data monitoring committees operating under prespecified adaptation rules, 
ensuring that continuous monitoring does not introduce risks of premature unblinding or 
compromise type-I-error control. 

Continuous updating by the statistical agent does not alter formal inferential procedures 
used for regulatory evidence generation. Outputs intended for operational risk monitoring, 
design stress-testing, or scenario evaluation are explicitly distinguished from confirmatory 
analyses conducted under prespecified statistical analysis plans and operating-
characteristic frameworks. Within this structure, the agent can prospectively evaluate 
alternative design and evidence-generation strategies such as enrichment approaches, 
subgroup definitions, adaptive sampling policies, or additional data-collection strategies. 
By continuously integrating various informational sources, the agent can anticipate 
downstream inferential consequences of emerging trial dynamics well before scheduled 
interim analyses, enabling early detection of power loss, estimand fragility, or bias risks and 
supporting proactive mitigation strategies. 

Operational agents use the decision-theoretic digital twins to anticipate bottlenecks and 
failure modes early, to quantify the downstream statistical and regulatory consequences of 
execution deviations, and to propose targeted interventions, such as site rebalancing or 
protocol simplification, before risks crystallise. In practical terms, the operational agent 
functions as a continuously learning, execution-risk monitoring and intervention-planning 
system that assesses and proactively can suggest strategies for improving recruitment 
pipelines, site behaviour, adherence, protocol burden, and operational variability across 
geographies and centres. Through the use of optimisation and scenario-analysis tools, the 
agent supports proactive operational decision-making that allows trial teams to mitigate 
execution risks early rather than reacting after deviations have already compromised trial 
performance. These may include rebalancing enrolment across sites or geographies, adjusting 
site activation priorities, targeting retention interventions, or identifying operationally 
burdensome protocol elements that could threaten execution reliability.  
Regulatory agents operate on evidence-level digital twins that encode the structure, 
coherence, and interpretability of the emerging evidentiary package, jointly reasoning with 
biological agents about the level of evidence required to establish clinically meaningful 
efficacy, acceptable safety, and manufacturing quality. In practical terms, the regulatory 
agent functions as a continuously learning evidentiary-credibility and approval-readiness 
reasoning system that evaluates whether the evolving body of evidence generated across 
studies remains capable of supporting defensible clinical and regulatory claims. By 
integrating regulatory precedents, guidance frameworks, evidentiary standards, and 
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jurisdiction-specific requirements into evidence-level digital twins, the agent assesses how 
alternative design choices, subgroup definitions, endpoint strategies, or evidentiary 
pathways may influence regulatory interpretability and acceptance. Through prospective 
evaluation of alternative evidence-generation strategies and the use of structured 
evidentiary reasoning tools, the agent supports decision-making aimed at ensuring that 
development programmes remain aligned with evolving regulatory expectations while 
preserving interpretability, transparency, and auditability of the resulting evidence. 

Regulatory frameworks largely codify how regulators evaluate biological and clinical 
evidence, and therefore evolve as new evidentiary methods and analytical approaches 
demonstrate reliability, often with substantial time lags relative to methodological 
innovation. In this sense, regulatory reasoning is not independent of biological reasoning; 
it is a structured institutional reflection of how biological and clinical evidence is interpreted 
for decision-making. Because both the agents and the digital twins operate through 
interpretable causal and evidentiary representations, the reasoning pathways leading to 
recommendations remain auditable, allowing regulatory review to be based on explicit 
evidentiary logic rather than opaque model outputs. By interrogating patient- and trial-level 
digital twins, regulatory agents assess whether observed effects are likely to support clear 
and defensible claims across populations and jurisdictions, and whether uncertainty and 
heterogeneity can be communicated appropriately. Importantly, regulatory reasoning 
does not apply only to new drug approvals. In many cases, substantial clinical value can be 
created by improving the understanding of how already approved therapies should be 
used across patient subgroups, treatment sequences, or care pathways. In such settings, 
the evidentiary objective may be to inform treatment guidelines, clinical decision support, 
or payer recommendations rather than formal label expansion. Because expert guideline 
bodies often update recommendations more rapidly than formal regulatory labels change, 
these contexts provide an important early deployment opportunity for continuous-learning 
derisking frameworks that integrate biological, clinical, and real-world evidence streams to 
refine treatment use.  

Competitive agents use digital twins of the external therapeutic landscape to reason about 
how external developments interact with the trial design and emerging results, identifying 
patient segments where differentiation is robust and scenarios in which apparent clinical 
success may translate into limited real-world impact. In practical terms, the competitive 
agent functions as a continuously learning therapeutic-landscape intelligence and 
strategic-positioning system that models the evolution of competing pipelines, emerging 
standards of care, treatment combinations, and clinical-practice adoption patterns. By 
using continuously updated digital twins of the external development ecosystem, the agent 
evaluates how alternative development strategies, trial designs, or positioning choices may 
affect differentiation, future clinical relevance, and real-world adoption. Using forecasting, 
scenario-simulation, and strategic policy-evaluation tools, the agent enables decision-
makers to assess how anticipated external developments may interact with internal trial 
outcomes, supporting proactive strategy adjustments that preserve long-term clinical and 
commercial impact. 

A key aspect of the framework lies in how agents communicate and coordinate. Unlike 
existing multi-agent orchestration approaches, which typically rely on fixed workflows, 
hierarchical planners, or prompt-based task delegation, the multi-agent framework 
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proposed here is grounded in the principles of The Agent Network developed by the van 
der Schaar lab. Agents learn what to communicate, when to communicate, and with whom 
through experience. Communication is not hard-coded; it is shaped by uncertainty and by 
the downstream impact of decisions on trial success and robustness. For example, a 
biological agent detecting emerging subgroup fragility may initiate structured interaction 
with statistical and regulatory agents, triggering an exchange in which competing 
interpretations are surfaced and reconciled. Competitive agents may challenge optimistic 
biological conclusions by introducing adversarial scenarios based on evolving standards of 
care, forcing renegotiation of trial priorities. Crucially, this is not an LLM-based controller 
coordinating tools, but a self-organising, learning multi-agent system in which 
disagreement, negotiation, and adaptation are core computational capabilities. This multi-
agent communication architecture allows robustness to emerge endogenously from 
structured disagreement, closely mirroring how complex clinical development 
decisions are made in practice, while making those processes explicit, learnable, and 
auditable. 

 

5. How the Framework Can Be Used in 
Practice: Upfront Derisking and 
Continuous Re-Derisking 

 defining strength of the proposed multi-agent framework is that it is 
designed to support decision-making both before a trial begins and 
throughout its execution. It can be used in two complementary modes: as an 

upfront, end-to-end derisking tool that stress-tests the entire trial lifecycle before launch, 
and as a continuously operating system that re-derisks the remaining stages of the trial as 
new evidence emerges and conditions change. 

From the perspective of the failure taxonomy introduced earlier, these two modes of 
operation address distinct but complementary objectives. Upfront derisking primarily 
targets informational and therapeutic failures by identifying fragile assumptions, insufficient 
evidentiary foundations, and scenarios in which negative outcomes could plausibly be 
anticipated before large-scale patient enrolment and resource commitment. Continuous 
re-derisking, in contrast, focuses on mitigating relevance failures by reassessing trial 
assumptions, comparators, endpoints, and positioning as external scientific, clinical, and 
competitive environments evolve. By jointly supporting these two forms of reasoning, the 
framework seeks not only to improve the probability that trials produce interpretable 
evidence, but also to ensure that the evidence generated remains decision-relevant at the 
moment it is produced. 

Before a trial is initiated, the framework can be used to perform prospective, end-to-end 
derisking. At this stage, digital twins are constructed to represent patients, subpopulations, 
trial design choices, operational plans, regulatory constraints, and the competitive 
landscape. Agents interrogate these digital twins to identify where success depends on 
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fragile assumptions, where knowledge from discovery and early experimentation is weak 
or contradictory, and where downstream risks are likely to materialise. This allows pharma 
to stress-test the trial strategy holistically, rather than validating individual components in 
isolation. Importantly, this process highlights not only whether a trial is likely to succeed, 
but why it might fail and which levers exist to reduce that risk before any patient is enrolled. 

Once the trial is underway, the same framework transitions seamlessly into a continuous re-
derisking mode. Digital twins are updated as each stage of the trial completes and as new 
data become available, whether from interim analyses, operational signals, external 
scientific developments, or changes in standard of care. Agents then re-evaluate the 
remaining stages of the trial in light of this updated evidence. Instead of treating early-stage 
decisions as fixed, the system explicitly asks how new information alters the risk profile of 
what remains to be done. 

This capability is particularly important for enabling principled pivoting. When assumptions 
begin to break, the framework allows agents to explore alternative strategies using digital 
twins before changes are implemented in the real trial. These pivots may involve refining 
subgroups, adapting endpoints, modifying operational plans, or reconsidering positioning 
relative to emerging competitors. Crucially, proposed adaptations are evaluated jointly 
across biological, statistical, operational, regulatory, and competitive dimensions, ensuring 
that local fixes do not introduce downstream failure modes. 

In this way, the framework transforms clinical trials from static, one-shot experiments into 
adaptive learning processes. Risk is not managed reactively after it has materialised, but 
continuously anticipated and reshaped through ML-enabled reasoning.  

It is important to distinguish the proposed framework from conventional adaptive clinical 
trial designs. Adaptive trials use accumulating data from within a single ongoing trial to 
modify selected design parameters, such as randomisation ratios, sample size, treatment 
arms, or interim stopping decisions, according to pre-specified rules. While these designs 
improve efficiency within a given protocol, they typically operate within a fixed inferential 
structure and rely primarily on evidence generated internally during the trial. As a result, 
their ability to reason about broader sources of uncertainty - including biological 
plausibility, operational feasibility, regulatory positioning, and evolving competitive 
landscapes, remains limited, and adaptations are usually constrained to a narrow set of 
protocol-level adjustments. 

The framework proposed provides a continuous, multi-agent reasoning and decision-
support layer that integrates heterogeneous evidence streams across discovery, prior trials, 
real-world data, operational signals, and external scientific developments, while 
simultaneously reasoning about how these factors affect the ongoing and future stages of 
development.  

This allows the system not only to support adaptive trials but also to inform whether 
adaptation is appropriate, how trials should be redesigned across phases, and how 
development strategies should pivot as the therapeutic and competitive environment 
evolves. Importantly, because the framework functions as a decision-support layer 
operating above the protocol, it can be applied to any form of clinical study (including 
traditional fixed designs, adaptive trials, platform trials, or real-world evidence studies), 
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thereby providing a general-purpose infrastructure for proactive derisking across the entire 
clinical development lifecycle. 

 

6. Statistical Validity, Benchmarking and 
Governance Considerations 

he framework proposed in this paper is designed to enhance decision-making 
of human-stakeholders across the clinical development lifecycle while 
preserving the statistical validity, inferential guarantees, and governance 

structures that underpin regulatory evidence generation. Importantly, the multi-agent 
digital-twin reasoning layer does not replace prespecified trial designs, statistical analysis 
plans, regulatory decision criteria or human oversight. Rather, it provides structured, 
interpretable analyses that help identify when assumptions underlying those designs may 
require reconsideration and where additional evidence generation may be most 
informative. All formal trial inferences continue to be conducted according to approved 
statistical procedures, ensuring that type I error control, estimand definitions, and 
evidentiary standards remain unchanged. 

A central methodological requirement is the calibration and validation of digital twins for 
decision reliability. Before influencing development decisions, twins must undergo 
rigorous qualification processes analogous to established model validation frameworks 
used in pharmacometrics and clinical pharmacology. These processes include 
retrospective benchmarking on historical trials, prospective validation in pilot settings, and 
continuous monitoring of predictive and counterfactual performance as new data accrue. 
Importantly, validation extends beyond predictive accuracy to encompass uncertainty 
calibration, robustness under distributional shifts, and preservation of decision-relevant 
comparisons across treatment strategies. This ensures that digital twins are evaluated 
according to their ability to support reliable development decisions rather than merely to 
minimise prediction error. 

I note also that the framework does not assume universal transferability across trials, disease 
mechanisms etc. Instead, it explicitly models transferability as an estimable quantity and 
agents will need to learn over time which elements of prior trial experience are likely to 
carry over to new settings (possibly through informed meta-learning) and where uncertainty 
about transfer remains high. By quantifying uncertainty regarding cross-trial transfer, the 
system can avoid over-reliance on historical experience while still leveraging accumulated 
knowledge when appropriate. 

The framework also incorporates explicit statistical–model governance mechanisms. 
Recommendations generated by agents are treated as decision-support evidence streams 
that complement, rather than replace, classical statistical analyses. Any protocol 
adaptations, subgroup refinements, or strategic pivots informed by the framework remain 
subject to existing governance processes, including sponsor review, independent data 
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monitoring committees, and regulatory approval where required. In this sense, the 
framework strengthens rather than weakens statistical oversight by making the assumptions 
underlying development decisions explicit, auditable, and continuously stress-tested. 

Decision-support infrastructure operating under explicit human 
governance 

As mentioned previously, the proposed framework is designed as a decision-support 
infrastructure operating under explicit human governance rather than as an autonomous 
decision-making system. Investigators, sponsors, statisticians, and regulators remain 
responsible for all protocol, evidentiary, and regulatory decisions, while the multi-agent 
learning system provides interpretable analyses that highlight potential risks, fragile 
assumptions, and alternative evidence-generation strategies. Because agents encode 
potentially differing definitions of success, the framework makes trade-offs across 
stakeholder objectives explicit rather than embedding them implicitly within fragmented 
decision processes. This transparency supports structured interdisciplinary deliberation 
while preserving accountability. 

Benchmarking 

To ensure credibility and adoption, the framework must also support rigorous 
benchmarking and prospective validation of its decision-level performance. Several 
complementary evaluation pathways can be pursued, including retrospective replay 
studies using historical development programmes, prospective shadow-mode evaluation 
within ongoing pipelines, and head-to-head comparisons against conventional decision 
processes. Evaluation metrics should focus not only on predictive performance but also on 
decision-relevant outcomes such as earlier detection of fragile assumptions, improved 
robustness of estimand and subgroup choices, reduction in avoidable late-stage failures, 
and improved calibration of development success probabilities. Establishing such 
benchmarking pipelines is essential for demonstrating that continuously learning clinical 
development infrastructures can deliver measurable improvements while maintaining the 
evidentiary rigor required for regulatory acceptance. 

What the Framework Does Not Change 

The multi-agent digital-twin framework is designed to improve how clinical trials are 
reasoned about and designed, but it does not alter the fundamental statistical, regulatory, 
or governance structures that ensure scientific validity and patient safety. In particular, the 
framework does not replace prespecified estimands, statistical analysis plans, or 
established methods for controlling type I error. All primary trial inferences continue to be 
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conducted using regulatorily accepted statistical procedures, and any adaptive features of 
a trial remain governed by prospectively defined rules and operating characteristics 
approved prior to implementation. 

Similarly, the framework does not modify regulatory approval pathways or ethical oversight 
processes. Protocols remain the formal, binding specification of how a study is conducted, 
and any protocol amendments informed by the framework continue to undergo the same 
sponsor, ethics committee, and regulatory review procedures required today. Decision 
authority remains with investigators, sponsors, and regulators; the system functions solely 
as an interpretable decision-support infrastructure that provides structured analyses 
highlighting potential risks, fragile assumptions, and alternative strategies. 

By preserving these institutional safeguards while enhancing the evidence available for 
decision-making, the framework aims to strengthen—not bypass—the statistical rigor, 
regulatory credibility, and governance foundations on which clinical trials depend. 

Finally, the system is designed to support formal evaluation of decision-level performance, 
enabling organisations to assess whether the framework improves the efficiency and 
reliability of development decisions over time. Metrics such as earlier detection of fragile 
assumptions, improved robustness of subgroup definitions, reduction in avoidable late-
stage failures, and improved calibration of development success probabilities can be 
tracked prospectively, allowing continuous assessment of whether the framework delivers 
measurable value while maintaining the scientific integrity required for regulatory evidence 
generation. 

7. Proactive Trial Strategy Across 
Different Trial Designs 
The benefits of this framework become clear when applied to different types of trials. 

In biomarker-driven precision trials, digital twins of patients and molecular subgroups are 
used to continuously assess whether subgroup definitions remain stable as enrolment 
progresses. Biological agents detect when early signals are driven by sampling artefacts or 
transient biology, while statistical agents evaluate whether subgroup effects remain 
identifiable and generalisable. This allows refinement of subgroup strategies early, rather 
than discovering fragility at readout. 

In adaptive and platform trials, the framework enables principled reasoning about 
adaptations. Statistical agents assess how changes affect long-term interpretability, 
operational agents evaluate feasibility, and competitive agents reason about relevance 
under evolving standards of care. Adaptations are chosen based on their downstream 
scientific and strategic consequences, not solely on short-term efficiency. 

In combination and sequencing trials, patient digital twins capture longitudinal treatment 
trajectories. Biological agents reason about interaction effects and resistance dynamics, 
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while competitive agents assess how external combinations may alter clinical practice. This 
supports proactive redesign before trials become misaligned with real-world use. 

In rare cancer and accelerated approval settings, where data are sparse, digital twins 
integrate heterogeneous evidence sources. Statistical and regulatory agents jointly assess 
evidentiary sufficiency and uncertainty communication, enabling disciplined risk-taking 
rather than reactive justification. Similar reasoning applies to post-approval optimisation 
studies, where the framework can support evidence generation aimed at refining treatment 
guidelines, sequencing strategies, or subgroup targeting without necessarily requiring 
immediate regulatory label changes. 

Across all cases, the unifying shift is from responding to risk after it materialises to actively 
shaping trial strategy through continuous, ML-enabled reasoning. 

 

8. Conclusion 
linical trials were historically designed as static experiments conducted under 
fixed assumptions. That paradigm was appropriate when evidence accumulation 
was slow, therapeutic landscapes evolved gradually, and decision complexity was 

limited. Today, however, trials operate in rapidly changing scientific, operational, and 
competitive environments where early assumptions often degrade long before readout. 
Under these conditions, success depends not only on choosing the right design at the 
outset, but on continuously reasoning about whether the assumptions underlying that 
design remain valid. 

The multi-agent digital-twin framework proposed in this white paper 
represents a shift from protocol-centric development toward continuously 

learning clinical trial systems.  

By enabling coordinated reasoning across biological, statistical, operational, regulatory, 
and competitive dimensions, it allows failure modes to be identified earlier, pivots to be 
evaluated more rigorously, and development strategies to be shaped proactively rather 
than defended retrospectively. Importantly, this approach does not replace clinical or 
regulatory expertise; it provides a computational reasoning layer that allows these 
perspectives to interact more systematically, transparently, and effectively than is currently 
possible. Equally importantly, it does not rely on opaque black-box machine learning; 
instead, it emphasises interpretable, decision-oriented models whose assumptions and 
reasoning steps can be inspected, debated, and regulatorily evaluated. 

Achieving this transformation requires collaboration across the full clinical development 
ecosystem. Trialists, statisticians, regulators, operational leaders, and machine-learning 
researchers each hold critical pieces of the expertise needed to make such systems 
scientifically rigorous, regulatorily credible, and operationally deployable. Without 
coordinated effort across these perspectives, clinical trials will remain fragmented decision 
systems in which risk is discovered late and addressed reactively. 

C 
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I invite colleagues across industry, academia, and regulatory organisations to engage with 
these ideas, challenge them, and help shape their practical implementation. We will discuss 
these concepts in more depth during our Revolutionizing Healthcare Session on February 
16, 2026, where we will explore how agentic machine learning, digital twins, and multi-
agent reasoning can be translated into deployable clinical development infrastructure. I 
would very much welcome your thoughts, critiques, and ideas — and I am particularly keen 
to hear from clinical trialists, regulatory experts, statisticians, and operational leaders 
interested in working together across disciplinary boundaries to rethink how trials are 
designed, executed, and learned from. 

Those interested in brainstorming collaborations, pilot implementations, or feasibility 
discussions are warmly encouraged to contact me directly. Transforming clinical trials into 
continuously learning systems will require collective effort, but the potential gains — 
including faster learning, earlier failure detection, more robust evidence generation, and 
ultimately better outcomes for patients — make this, in my opinion, one of the most 
important opportunities for improving clinical development today. 
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Appendices 
Appendix A Near-Term Deployment Pathways for Continuous Derisking Frameworks 

Early deployment of multi-agent digital-twin derisking systems is most likely to occur in settings where 
evidence requirements are flexible, learning cycles are shorter, and integration with existing clinical 
and regulatory workflows can be achieved incrementally. One important pathway is post-approval 
optimisation, where already approved therapies are studied to better understand subgroup effects, 
treatment sequencing, combination strategies, or real-world safety profiles. In these contexts, the 
objective is often to inform treatment guidelines, payer decisions, or clinical decision support systems 
rather than to secure immediate label changes, allowing continuous-learning approaches to demonstrate 
value while operating within established evidence-generation practices. 

A second pathway involves label-expansion and lifecycle-management trials, where sponsors seek to 
extend indications, refine dosing strategies, or establish effectiveness in additional patient populations. 
Here, coordinated reasoning across biological, statistical, operational, and regulatory agents can help 
identify evidentiary gaps earlier, prioritise the most informative studies, and anticipate regulatory 
expectations more systematically. Platform and adaptive trial ecosystems represent a third deployment 
opportunity, as their ongoing infrastructure naturally supports the accumulation and reuse of cross-trial 
real knowledge that digital-twin-based systems can exploit. Finally, real-world evidence–driven 
decision support, including learning health systems and payer-driven comparative effectiveness 
programmes, offers a setting in which continuous multi-agent reasoning can guide evidence generation, 
treatment positioning, and guideline evolution on timescales that are often faster than traditional 
regulatory cycles. 

Together, these pathways provide pragmatic entry points through which continuous, system-level 
derisking approaches can be introduced incrementally, delivering immediate clinical and operational 
value while building the evidentiary and institutional foundations required for broader transformation 
of the clinical development ecosystem. 

 
Appendix B. Interaction Between the Proposed Framework and Clinical Trial Protocol Design 

The framework proposed in this white paper is designed to operate above and alongside the clinical trial 
protocol rather than to replace or circumvent it. Protocols remain the formal, regulatorily binding 
specification of how a study is conducted, including eligibility criteria, endpoints, estimands, 
monitoring rules, statistical analysis plans, and operational procedures. These elements continue to be 
defined, approved, and executed according to existing regulatory and ethical governance processes. In 
this sense, the proposed system does not alter the fundamental role of protocols as the authoritative 
description of what is implemented in the real-world trial. 

What changes is not the existence or regulatory role of the protocol, but how protocol decisions are 
developed, evaluated, and maintained over time. In current practice, many design choices are 
determined at a single point in time using fragmented evidence and limited cross-domain reasoning, 
after which they are treated as largely fixed unless major amendments are triggered. The proposed 
multi-agent digital-twin framework introduces a continuously operating reasoning layer that allows 
protocol assumptions and design choices to be stress-tested prospectively before launch and reassessed 
continuously as new internal and external evidence emerges. Importantly, the framework does not 
autonomously modify protocols; rather, it generates structured, interpretable analyses that inform 
investigators, sponsors, and regulators when potential amendments or refinements should be 
considered. 

Several aspects of protocol design therefore remain unchanged. Regulatory approval processes, ethical 
oversight, prespecified statistical analysis plans, safety monitoring procedures, and governance 
structures continue to operate as they do today. Decision authority remains with clinical investigators, 
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sponsors, and regulators. Adaptive trial mechanisms, when used, remain governed by prospectively 
defined rules and statistical operating characteristics. In this sense, the framework preserves the 
essential institutional safeguards that ensure scientific integrity, patient safety, and regulatory 
compliance. 

At the same time, several aspects of the protocol design lifecycle change in meaningful ways. First, 
protocol development becomes more explicitly evidence-integrative: biological, operational, statistical, 
regulatory, and competitive considerations are jointly evaluated through shared digital-twin simulations 
before the protocol is finalised, allowing fragile assumptions to be identified earlier. Second, protocol 
amendments become more systematically informed, as the framework continuously evaluates how 
emerging evidence affects the validity of endpoints, subgroup definitions, recruitment assumptions, or 
comparators. Third, lifecycle learning is preserved across phases, enabling knowledge generated in 
earlier studies to be encoded directly into the decision substrate used to design subsequent trials, rather 
than being incorporated informally or retrospectively. 

An important implication is that the framework shifts protocol design from a single-stage optimisation 
exercise to a continuously informed decision process, while still respecting the regulatory requirement 
that actual trial conduct follows approved specifications. In practice, this means that the framework 
serves as a decision-support infrastructure that generates interpretable, auditable analyses highlighting 
when assumptions underlying the approved protocol remain robust and when they may warrant 
reconsideration. Any resulting protocol modifications would continue to follow existing amendment 
and regulatory review procedures. 

From a regulatory and operational perspective, this interaction model provides a pragmatic pathway for 
adoption. Because the framework does not require replacing protocol-based governance structures, it 
can be introduced incrementally as a design-support and lifecycle-learning tool without altering how 
trials are formally approved or executed. Over time, as confidence in continuous learning infrastructures 
grows, the insights generated by such systems may inform the evolution of adaptive, platform, and 
learning-health-system trial designs, but the foundational principle remains unchanged: protocols define 
what is implemented, while the multi-agent digital-twin framework improves how intelligently those 
protocols are designed, evaluated, and updated. 

 

Appendix C. Machine Learning Opportunities Emerging from Decision-Oriented Clinical 
Development Systems 

Beyond its potential impact on clinical development, the framework proposed in this white paper opens 
a new class of machine-learning challenges that move the field from predictive modelling toward 
decision-oriented, continuously learning systems operating in complex real-world environments. 
Clinical development represents a setting in which heterogeneous data sources evolve over time, 
interventions are costly and sequential, uncertainty is structural rather than purely statistical, and 
multiple stakeholders reason simultaneously over shared but incomplete evidence. These characteristics 
create a natural testbed for advancing several frontiers of machine learning, including causal inference, 
generative modelling, digital twin construction, sequential decision-making, and multi-agent learning. 

A central research opportunity arises in causal inference over time, where treatment effects, patient 
heterogeneity, and disease dynamics evolve across longitudinal trajectories. Clinical trial ecosystems 
require methods capable of estimating individualized and subgroup-specific effects under partial 
observability, non-stationarity, and dynamic treatment regimes, while maintaining interpretability and 
regulatory credibility. The integration of digital twins with decision-oriented causal modelling 
motivates new approaches to counterfactual reasoning in environments where the state space itself 
evolves, where multiple competing structural hypotheses must be maintained simultaneously, and 
where evidence must be updated continuously as trials and real-world data streams accumulate. 
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The framework also creates new opportunities for generative and simulation-based modelling, 
particularly in the development of generative digital twins capable of representing plausible future 
patient trajectories, treatment responses, operational dynamics, and evolving therapeutic landscapes. 
Unlike traditional generative models that aim primarily at data realism, these twins must support policy 
evaluation, stress-testing of strategies under distributional shifts, and scenario generation conditioned 
on hypothetical interventions. This motivates research into generative models that are explicitly 
constrained by mechanistic knowledge, causal structure, and decision-relevant objectives, enabling 
simulation systems that are not only statistically accurate but strategically informative. 

At the systems level, the framework advances the concept of decision-theoretic digital twins as a new 
machine-learning paradigm. These twins must learn from heterogeneous observational, experimental, 
and mechanistic data sources while preserving uncertainty decompositions, structural assumptions, and 
the ability to update without full retraining as environments change. This drives research into hybrid 
modelling architectures that integrate mechanistic models, probabilistic graphical structures, foundation 
models, and continual-learning methods, enabling digital twins that remain robust under distributional 
change and evolving knowledge. 

Equally importantly, the proposed architecture introduces new frontiers in agentic and multi-agent 
machine learning. Unlike current single-agent decision systems, clinical development requires networks 
of specialised agents—biological, statistical, operational, regulatory, and competitive—that reason over 
shared environments, maintain partially distinct objectives, and coordinate through structured 
communication. This setting motivates research into learning communication protocols driven by 
uncertainty and decision impact, negotiation-based coordination mechanisms that transform 
disagreement into system-level robustness, and stability guarantees for multi-agent reasoning systems 
operating in safety-critical domains. Such developments extend beyond workflow orchestration toward 
adaptive, continuously learning agent networks capable of joint reasoning across complex decision 
ecosystems. 

The framework further highlights new challenges in time-series and sequential forecasting under 
intervention, where predictive performance must remain reliable when policies change the very 
dynamics being forecast. Clinical trials require forecasting methods that jointly model state evolution, 
treatment effects, behavioural responses, and environmental shifts, encouraging new research in 
intervention-aware forecasting, long-horizon uncertainty quantification, and adaptive forecasting 
systems that maintain calibration under policy-driven distributional changes. 

Taken together, these directions position clinical trial ecosystems as a powerful driver of next-
generation machine learning. Progress in causal learning over time, decision-aligned generative 
modelling, hybrid digital twin architectures, adaptive multi-agent reasoning, and intervention-aware 
forecasting will not only transform clinical development but also inform the design of intelligent 
systems in other complex domains, including healthcare delivery, energy systems, scientific discovery, 
supply-chain optimisation, and economic decision-making. For the machine-learning community, the 
framework described in this paper therefore represents more than an application domain: it defines a 
new class of reality-centric, decision-oriented learning environments in which many of the next major 
advances in machine learning methodology are likely to emerge. 

Appendix D. A note on Data Availability 

The proposed framework can benefit from the ability to systematically learn from prior clinical trials 
and development programmes rather than treating each trial as an isolated evidentiary event. However, 
although large volumes of historical trial data exist across sponsors, academic consortia, and regulatory 
repositories, these data are rarely used to inform prospective trial design in a structured, continuously 
learning manner. Realising the full potential of multi-agent, digital-twin–based reasoning therefore 
requires explicit attention to available data, including the availability of interoperable historical trial 
datasets, mechanisms for secure cross-study learning (for example, through privacy-preserving 
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synthetic data sharing or trusted research environments), and improved capture of operational, 
biological, and evidentiary metadata that are often lost after trial completion. Initially, the proposed 
framework can operate within organisational or consortium-level datasets while progressively 
expanding learning scope as broader data-sharing infrastructures mature. 

Appendix E. Some additional notes on the Statistical Agent and Relationships to Traditional 
Workflows  

Relation to Bayesian decision-analytic clinical trial frameworks. 

Many of the capabilities described for the statistical agent are closely aligned with Bayesian decision-
analytic approaches to clinical trial design and monitoring. In this sense, the statistical agent should be 
viewed not as an alternative to Bayesian methodology but as a computational infrastructure that 
operationalises Bayesian-style evidence synthesis and decision evaluation continuously across the 
development lifecycle. The digital twins maintained by the framework can incorporate Bayesian 
hierarchical models, dynamic borrowing mechanisms, prior–data conflict diagnostics, and posterior 
predictive simulation engines to support prospective evaluation of alternative design and evidence-
generation strategies under uncertainty. 

Importantly, the framework is designed to operate consistently with emerging regulatory expectations 
for Bayesian approaches, including those outlined in the FDA draft guidance on the Use of Bayesian 
Methodology in Clinical Trials of Drug and Biological Products (2026). In particular, prior 
specifications, borrowing mechanisms, operating characteristics, and decision rules governing any 
inferential adaptations remain prespecified and regulatorily reviewable, while the statistical agent 
provides continuous monitoring, scenario exploration, and decision-support analyses that remain 
distinct from the confirmatory inferential procedures used to generate regulatory evidence. In this way, 
the framework extends the practical usability of Bayesian decision-analytic reasoning by enabling it to 
function not only at isolated design stages, but as an ongoing evidentiary reasoning layer supporting 
clinical development strategy. 

 

Beyond traditional Bayesian workflows 

While Bayesian decision-analytic methods provide a principled foundation for continuous learning, 
probabilistic updating, and evidence synthesis, their application in practice is typically limited to 
specific stages of trial design, interim monitoring, or predefined adaptive decision points. The statistical 
agent proposed here extends these capabilities by embedding Bayesian-style reasoning within a 
continuously operating decision-support infrastructure that integrates operational execution signals, 
evolving enrolment characteristics, cross-trial historical evidence, and interactions with biological, 
operational, and regulatory reasoning agents. This enables the system not only to update posterior 
beliefs about treatment effects, but also to continuously evaluate inferential fragility arising from 
changing recruitment patterns, missing-data processes, protocol adherence dynamics, or shifts in the 
target population—factors that are rarely incorporated in real time into traditional Bayesian workflows. 
In addition, the agent supports coordinated scenario evaluation across multiple interacting decision 
domains, allowing the inferential implications of operational, biological, or strategic development 
decisions to be assessed prospectively before formal protocol adaptations are considered. In this sense, 
the novelty lies not in introducing new inferential principles, but in enabling Bayesian-style decision 
reasoning to function continuously, at scale, and jointly across the full clinical development lifecycle 
rather than at isolated analytic checkpoints. 
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Appendix F. Taxonomy of Risk in Clinical Development 

Clinical development risk arises from multiple interdependent sources that jointly determine whether a 
trial produces actionable, decision-relevant evidence and whether that evidence ultimately translates 
into meaningful clinical and real-world impact. In the framework proposed in this white paper, risk is 
not treated as a single probability-of-success metric but as a structured, multi-dimensional construct 
that evolves over the development lifecycle. A clear taxonomy of these risks is essential both for 
understanding why trials fail and for enabling specialised agents to reason systematically about 
mitigation strategies. 

Biological risk refers to uncertainty regarding whether modulation of a biological target or pathway 
will translate into clinically meaningful outcomes in the intended patient population. This includes 
uncertainty about disease mechanisms, treatment-response heterogeneity, resistance pathways, 
biomarker stability, long-term safety effects, and the durability of therapeutic benefit. Importantly, 
biological risk is only partially resolved during discovery and preclinical development; a substantial 
fraction of efficacy- and safety-related uncertainty is resolved only through human clinical 
experimentation. Biological risk therefore remains one of the dominant drivers of trial failure, 
particularly in areas where disease mechanisms are incompletely understood or where treatment effects 
vary strongly across patient subgroups. 

Statistical risk concerns the possibility that the trial will fail to generate interpretable and regulatorily 
credible causal evidence even if the therapy is biologically effective. This includes risks arising from 
insufficient power, estimand mis-specification, missing-data mechanisms, protocol deviations, 
population drift during recruitment, violations of modelling assumptions, or inferential fragility under 
realistic operational conditions. Statistical risk is closely linked to both biological and operational risks: 
for example, recruitment shifts or subgroup heterogeneity may compromise identifiability of treatment 
effects even when the underlying therapy is effective. 

Operational risk refers to the risk that trial execution deviates from design assumptions in ways that 
affect timelines, evidentiary quality, or interpretability. This includes recruitment shortfalls, site-level 
variability, adherence issues, protocol burden, data-quality problems, delays in endpoint ascertainment, 
and execution heterogeneity across geographies or centres. Operational risks often propagate into 
statistical and regulatory risks, as deviations from planned execution may reduce power, increase bias, 
or complicate regulatory interpretation of the evidence. 

Regulatory risk reflects uncertainty about whether the evolving evidentiary package will satisfy 
regulatory expectations for approval, label expansion, or clinical-claim support. This includes risks 
related to endpoint acceptability, subgroup definitions, safety characterisation, evidentiary sufficiency, 
and interpretability of results across jurisdictions. Regulatory risk is not independent of biological or 
statistical considerations; rather, it reflects how regulators evaluate the credibility and clinical relevance 
of the evidence generated across studies. 

Competitive and relevance risk refers to the possibility that even a scientifically successful trial 
produces evidence that is no longer clinically or strategically impactful by the time it is available. This 
may arise when competing therapies, evolving standards of care, or new treatment combinations alter 
the therapeutic landscape, reducing differentiation or limiting real-world adoption. Such risks are 
increasingly important in rapidly evolving therapeutic areas, where development timelines interact 
strongly with external innovation dynamics. 

Importantly, these categories should not be viewed as independent risk silos. In practice, they interact 
dynamically: biological uncertainty influences statistical identifiability, operational variability affects 
inferential robustness, regulatory expectations shape design choices, and competitive dynamics 
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determine the long-term value of evidence generation. The central motivation for the multi-agent 
framework proposed in this paper is therefore to enable continuous reasoning across this interacting 
risk structure, allowing development programmes to identify fragile assumptions earlier, evaluate 
mitigation strategies prospectively, and reduce the likelihood of avoidable trial failure across the 
lifecycle of clinical development. 
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