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Executive Summary

The COVID-19 pandemic proved that drug development timelines can be compressed
from 10 years to 12 months without sacrificing safety or efficacy. The breakthrough
came from orchestrating digital innovations across the entire pipeline—but as urgency
faded, the industry is reverting to outdated practices.

The Solution: A continuous evidence engineering framework that combines adaptive
clinical trials, synthetic controls, and traditional RCTs under unified governance. This
approach enables Al systems to evolve at software speed while maintaining regulatory-
grade causal proof.

Key Components:
« Adaptive Platform Trials: Real-time trial modification based on emerging data

¢ Synthetic Control Arms: On-demand counterfactuals using digital twin
technology

e Integrated Regulatory Framework: TRIPOD-Al > PROBAST-AI > DECIDE-AI >
CONSORT-Al compliance pathway

e Continuous Algorithmovigilance: Always-on performance monitoring using
synthetic baselines



Let's see how to transform clinical evidence generation from a static, decade-long
process into a dynamic, continuously updating system that matches Al development
cycles without compromising scientific rigor.

The COVID-19 Blueprint: What Changed Everything
The 12-Month Miracle

The pharmaceutical industry's accepted reality—$1.5-2.5 billion and 10 years per
drug—shattered during COVID-19. From viral detection in December 2019 to first UK
vaccinations on December 8, 2020, we achieved the impossible in 12 months.

Success Factors:
e Next Generation Sequencing: Rapid viral characterization
¢ Insilico drug design: Accelerated discovery
o Adaptive clinical trials: Real-time protocol evolution
o Massive parallelization: Production at risk before approval
e Global logistics networks: Sophisticated distribution
« Big data analytics: Real-time campaigh monitoring

The Critical Warning

As urgency faded, ambition followed. The industry is sliding back to the old playbook,
treating digital transformation as an emergency exception rather than the new standard.
We have the tools and precedent—what we need now is the will to make this revolution
permanent.

The Three-Pillar Framework for 2025
Core Tension Resolution

The Challenge: Traditional RCTs remain essential for high-stakes algorithms affecting
mortality and safety, but they're too slow for software updating monthly and drifting with
data changes.

The Solution: Lifecycle evidence packages that blend three approaches:
1. Randomized Clinical Trials: For causal proof where it matters most
2. Adaptive Platform Trials: For responsive, continuous learning

3. Synthetic Controls: For on-demand counterfactuals without re-randomization



The pandemic demonstrated adaptive trials work:
e RECOVERY: 45,000+ patients across 14 treatments in 24 months
e REMAP-CAP: Rapid pivot from pneumonia to COVID-19 research

¢ Global Impact: 58 platform trials launched 2020-2021—more than the previous
18 years combined

The Integrated Regulatory Pathway

The 2025 Integrated Blueprint : Integrated Clinical Trial Framework for Al Evidence
using TweenMe
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Integrated Clinical Trial Framework for Al Evidence using TweenMe
Four-Stage Compliance Framework

Modern Al clinical evidence requires navigation through four regulatory standards, each
governing a specific phase:

1. TRIPOD-AI: Development Reporting Standard
Purpose: Transparent reporting of prediction models using Al Key Features:
e 27-item checklist for any prediction model
e Universal framework for regression or machine learning
¢ Requirements for data sharing, code sharing, protocol availability
e Focus on clinical implementability
2. PROBAST-AI: Risk Assessment Tool

Purpose: Quality, bias, and applicability assessment for Al prediction models Key
Features:

¢ Two-part assessment: development (16 questions) + evaluation (18 questions)
e Risk of bias detection (studies show 95% of published models are high-risk)
¢ Applicability assessment for intended populations
e Critical finding: High-risk models perform significantly worse at validation
3. DECIDE-AI: Early Clinical Evaluation
Purpose: Bridge between lab performance and real-world impact Key Features:
e 17 Al-specific reporting items across 28 subitems
e Multi-stakeholder consensus (123+ experts across 20 categories)
e Focus on human factors and workflow integration

e Evaluation domains: real-world performance, safety, human-Al interaction,
usability

4. CONSORT-AI: Full-Scale Trial Reporting

Purpose: Gold standard for proving Al systems work in large-scale clinical trials Key
Features:

e 29 candidate items for trials with Al components

e Algorithm versioning and accessibility requirements



e Enhanced participant criteria (patient + data quality requirements)

e Rigorous outcome measurement standards
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Core Capability

TweenMe serves as the universal generator at the heart of the evidence framework,
addressing three critical pressure points:

1. Data sufficiency: Generate synthetic patients for under-represented populations
2. Speed-to-insight: Continuous counterfactual availability
3. Regulatory traceability: Hash-linked lineage to source data
Three-Layer Data Architecture
e Layer A: Trial archives and registries
e Layer B: Claims data and real-world evidence
e Layer C: Synthetic patient generation for coverage gaps
Key Integration Points
Model Development Phase
e Everyalgorithm snapshot links to exact training twin-cohort

e Enables reproducible TRIPOD-Al and PROBAST-Al submissions



e MLOps versioning for complete auditability
Early Pilot Phase (DECIDE-AI)
e Standing synthetic cohort enables real-time delta-AUC computation
o Silent mode testing without patient contact
e Accelerated go/no-go decisions
External Control Construction
o Eligibility mirroring: Twins generated only if passing live-trial inclusion/exclusion
o Dynamic borrowing: Bayesian priors down-weight twins when data diverge

¢ Regulatory traceability: Hash-linked lineage satisfies FDA/EMA provenance
requirements

Hybrid Trial Integration
e Continuous synthetic reservoir available for adaptive borrowing
o Size estimation using twin-derived variance calculations
¢ Pediatric and rare disease augmentation capabilities
Post-Market Surveillance
¢ Always-on counterfactual monitoring
e Drift detection via prediction interval comparison

¢ Automated pharmacovigilance dashboard

Risk-Stratified Implementation Strategy
Low-Risk Applications
e Approach: Synthetic-heavy controls with minimal real-world validation
¢ Use Cases: Administrative algorithms, scheduling optimization
¢ Validation: Standard performance metrics
Medium-Risk Applications
e Approach: Balanced synthetic-real controls with regular validation
¢ Use Cases: Diagnostic support, treatment recommendations

¢ Validation: Subset validation against hold-out real patients



High-Risk Applications

Approach: RCT-primary with synthetic augmentation

Use Cases: Autonomous treatment decisions, life-critical algorithms

Validation: Full causal proof with synthetic enhancement only

Operational Implementation Playbook

Step 1: Data Asset Audit

Actions:

Catalogue trial archives, registries, claims data
Identify areas where synthetic patients are justifiable

Map data quality and coverage gaps

Deliverable: Comprehensive data inventory with coverage analysis

Step 2: Synthetic Arm Construction

Actions:

Derive external cohort from existing data

Train generative model for under-represented strata only

Blend via statistical weighting with real data

Deliverable: Validated synthetic control generation pipeline

Step 3: Pre-specify Adaptive + Borrowing Rules

Actions:

Define Bayesian dynamic-borrowing priors
Set divergence thresholds for synthetic data down-weighting
Establish response-adaptive randomization rules

Create interim efficacy signal protocols

Deliverable: Statistical analysis plan with adaptive protocols

Step 4: Regulatory Integration

Actions:

Couple synthetic-arm generator with Al device under joint version control



e Implement FDA Predetermined Change Control Plan

¢ Map evidence layers to specific guidance documents
Deliverable: Regulatory submission strategy with compliance mapping
Step 5: Live Telemetry Implementation
Actions:

e Deploy continuous discrepancy dashboards

e Monitor AUC drift, subgroup performance, adverse events

¢ Use synthetic cohort as perpetual safety baseline

Deliverable: Real-time monitoring system with automated alerts

Critical Success Factors
Regulatory Checkpoints
Eligibility Harmonization

External/synthetic patients must pass identical inclusion/exclusion logic as live arm (per
FDA 2023 draft guidance on externally-controlled trials)

Statistical Tuning

Propensity scores or hierarchical Bayesian models automatically down-weight synthetic
arm when divergence occurs

Regulatory Alighment
Map each evidence layer to specific guidance:
o DECIDE-AIlfor pilots
o Adaptive design guidance for platform trials
e PCCP forupdate cadence
e EU Al Act for high-risk medical Al
Critical Risk Mitigation
Transparency Requirements
e Expose code, training data lineage, validation metrics
o Meet FDA 2024-25 explicit transparency mandates

¢ Maintain complete audit trail



Equity Safeguards
e Synthetic cohorts can amplify bias if learning majority patterns
¢ Routinely audit subgroup fit
o Calibrate against real-world hold-out data

Privacy Compliance

e EU Al Act plus GDPR apply unless synthetic generation is proven irreversibly de-
identified

e Implement privacy-preserving multi-site collaborations

e Leverage synthetic data for GDPR-compliant EU trials

Strategic Implementation Framework
The New Paradigm

"Don't replace RCTs—embed them inside adaptive platform trials powered by
synthetic controls”

This three-way integration creates a multi-layer, always-on evidence stack that moves at
Al speed without sacrificing causal credibility.

What EXISTS Today (Established "Norms"):

e TRIPOD-AI - Published BMJ 2024, already being adopted

e PROBAST-AI - Published 2024, being used in systematic reviews

o DECIDE-AI - Published Nature Medicine 2022, gaining traction

e CONSORT-AI - Published 2020, used in ~65 RCTs to date

o Adaptive trials - Proven at scale (RECOVERY, REMAP-CAP)

¢ Synthetic controls - Established in pharma, FDA-approved methods
What DOESN'T Exist (Needs New "Al Agents"):

e The integrated "continuous evidence engineering" stack

o Automated orchestration between all these frameworks

o Digital twin generator for synthetic control arms

¢ Real-time algorithmovigilance with synthetic comparators

+« Always-on evidence pipeline that updates with each Al iteration



Current maturity : very manual and fragmented process
e Companydevelops Al
e Separate TRIPOD-Al compliance
e Separate PROBAST-Al assessment
o Separate DECIDE-AI pilot
e Separate CONSORT-AI trial
e Manual post-market surveillance

"Each step takes months/years with different teams, different timelines, different
data sources."

What we propose as an integrated framework

An automated, integrated evidence engine leveraging agentic Al taht creates a Al-infused
Clinical Trial Management System.



Clinical Trial Management System

An integrated platform for adaptive clinical trials with real-time compliance monitoring
and evidence generation

Digital Twin Generator 5= 1

Creates virtual representations of clinical trizl participants using patient data and modsling algorithms

Adaptive Trial Platform

Dryynarmically adjusts trizl parameters based on real-time data and interim analysis results

Synthetic Control Manager =

Manages and validates synthetic control arms using historical data and statistical methods

Real-time Regulatory Compliance Monitor =

Continuously monitors trial activities for regulatory compliance and generates alerts

Continuous Evidence Dashboard  St=r %
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Prowides real-time vizuzlization of trial progress, outcomnes, and regulatory status

Real-time Adaptation

Triaks adapt dymamically based on incoming data, optimizing outcomes and reducing time to market.

Regulatory Compliance

Continuous monitoring ensures all activities meet regulatory requirements with automated alerts.

Evidence Generation
Comprehansive dashboarss provids continuous avidsncs collection and visualization.
This would be a new class of Al system that:
« Automatically generates synthetic control patients as your Al updates
« Real-time orchestrates adaptive trial decisions using Bayesian updating
¢ Continuously monitors TRIPOD-AI/PROBAST-Al compliance
e Seamlessly transitions from DECIDE-AI pilots to CONSORT-AI trials

e Always-on tracks post-market performance against synthetic cohorts



The building codes (TRIPOD-AI, etc.) tell you what standards to meet. But you need a
new Al agent to automatically ensure compliance, continuously monitor performance,
and seamlessly orchestrate the entire evidence lifecycle.

What Would These Al Agents Actually Do?
1. Evidence Orchestration Engine

o Automatically trigger DECIDE-AI pilots when model updates

e Seamlessly transition successful pilots to CONSORT-AI trials

o Real-time coordinate synthetic control generation with trial enrollment
2. Regulatory Compliance Monitor

e Continuously verify TRIPOD-AI reporting completeness

e Auto-run PROBAST-Al assessments on model updates

e Flag compliance gaps before they become regulatory issues
3. Synthetic Control Manager

e Generate digital twins that match real patient populations

e Balance synthetic vs. real data based on availability and bias metrics

 Update synthetic cohorts as new real-world data becomes available
4. Adaptive Decision Engine

o Execute Bayesian interim analyses in real-time

e Automatically adjust trial allocation ratios based on efficacy signals

o Trigger early stopping or arm addition based on pre-specified rules
Why This Matters:
Current approach takes 5-10 years from Al development to clinical adoption

Our Al agent approach could compress this to 1-2 years with continuous evidence
updates

The vision: Turn evidence generation from a manual, sequential process into an
automated, parallel system that keeps pace with Al development cycles.

We are not just following existing norms— we are building the Al agent that makes
those norms operate at Al speed. The regulations exist, but the technology to
seamlessly comply with them while maintaining rapid innovation does not.



"This is the missing infrastructure that could unlock "Al evidence engineering" as a
new discipline."

Success Metrics
Speed Metrics
¢ Time from algorithm update to evidence generation
¢ Regulatory submission timeline reduction
e Timeto clinicalimplementation
Quality Metrics
e Regulatory approval rates
e Post-market safety signals
¢ Clinical adoption rates
e Health economic outcomes
Innovation Metrics
e Algorithm update frequency
e Evidence generation cost reduction

e« Multi-site collaboration efficiency

Conclusion: Closing the Innovation-Evidence Loop

COVID-19 proved rapid, rigorous drug development is possible. RECOVERY and REMAP-
CAP demonstrated that adaptive platform trials deliver faster answers while maintaining
scientific rigor. Now we must add synthetic controls as the third pillar for continuous Al
evidence.

The Opportunity

Transform Al's rapid development cycles into sustainable clinical impact and regulatory
confidence by integrating adaptive designs, synthetic controls, and traditional RCTs
under unified governance.

The Imperative

The tools exist. The precedent is set. The regulatory frameworks are emerging. What we
need now is the organizational will to make this revolution permanent.

The Future



A clinical evidence engine that matches the release cadence of modern Al while
remaining squarely inside current FDA/EMA frameworks—turning the promise of Al-
accelerated healthcare into regulatory-approved reality.

APPENDICES
TRIPOD-AI (Transparent Reporting of Prediction Models + Al)

TRIPOD-Al is a 27-item checklist that provides harmonized guidance for reporting
prediction model studies, whether they use traditional regression or machine learning
methods TRIPOD+AIl: Updated Reporting Guidelines for Clinical Prediction Models |
FSI +2. The original TRIPOD was published in 2015, but methodological advances in Al
and machine learning required an update, which was published in BMJ in 2024 Tripod
statement.

Key features:

¢ Universal framework - Works for any prediction model regardless of whether
regression or machine learning methods are used Transparent reporting of a

multivariable prediction model for individual prognosis or diagnosis
(TRIPOD): the TRIPOD Statement | BMC Medicine | Full Text

o Comprehensive reporting - Covers data sources, model development,
validation, and performance metrics

e Open science focus - Includes requirements for data sharing, code sharing, and

protocol availability The TRIPOD-LLM reporting guideline for studies using
large language models | Nature Medicine

e Clinical applicability - Ensures models can actually be implemented and
trusted in practice

PROBAST-AI (Prediction Model Risk of Bias Assessment Tool + Al)

PROBAST-AIl is the updated quality, risk of bias, and applicability assessment tool that
applies to prediction models using regression or Al methods PROBAST: A Tool to

Assess Risk of Bias and Applicability of Prediction Model Studies: Explanation and
Elaboration - PubMed. The original PROBAST was organized into 4 domains:
participants, predictors, outcome, and analysis, with 20 signaling questions
PROBAST+AI: an updated quality, risk of bias, and applicability assessment tool for

prediction models using regression or artificial intelligence methods - PMC.
PROBAST-AI updates this with:

¢ Two-part assessment - Separate evaluations for model development (16
questions) and model evaluation (18 questions) PROBAST: A Tool to Assess Risk


https://healthpolicy.fsi.stanford.edu/news/tripodai-updated-reporting-guidelines-clinical-prediction-models
https://healthpolicy.fsi.stanford.edu/news/tripodai-updated-reporting-guidelines-clinical-prediction-models
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https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-014-0241-z
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-014-0241-z
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-014-0241-z
https://www.nature.com/articles/s41591-024-03425-5
https://www.nature.com/articles/s41591-024-03425-5
https://pubmed.ncbi.nlm.nih.gov/30596876/
https://pubmed.ncbi.nlm.nih.gov/30596876/
https://pubmed.ncbi.nlm.nih.gov/30596876/
https://pmc.ncbi.nlm.nih.gov/articles/PMC11931409/
https://pmc.ncbi.nlm.nih.gov/articles/PMC11931409/
https://pubmed.ncbi.nlm.nih.gov/30596876/

of Bias and Applicability of Prediction Model Studies: Explanation and
Elaboration - PubMed

Risk of bias detection - Studies show that models with high risk of bias perform
significantly worse at external validation Assessing the quality of prediction

models in health care using the Prediction model Risk Of Bias ASsessment

Tool (PROBAST): an evaluation of its use and practical application -
ScienceDirect

Applicability assessment - Determines whether models are relevant to the
intended population and setting PROBAST: A Tool to Assess Risk of Bias and
Applicability of Prediction Model Studies: Explanation and Elaboration -
PubMed

How They Fit in our Framework

In our clinical trial diagram, TRIPOD-Al and PROBAST-AI are the quality gates that sit
between our data layers and model development:

Why this matters for your synthetic control strategy:

TRIPOD-AI ensures your digital twin generator meets reporting standards
PROBAST-AI validates that your synthetic controls have low risk of bias

Both frameworks support the continuous evidence engineering approach by
providing standardized quality checkpoints

Real-world impact: A large-scale study found that 95% of published clinical prediction
models were classified as high risk of bias using PROBAST, and these high-risk models

showed significantly poorer performance at validation Assessing the quality of

prediction models in health care using the Prediction model Risk Of Bias

ASsessment Tool (PROBAST): an evaluation of its use and practical application -

ScienceDirect. This is exactly why having proper quality frameworks is crucial for your

Al evidence pipeline.

TRIPOD-AIl and PROBAST-AI are the regulatory backbone that makes your adaptive trial
+ synthetic control framework credible to FDA, medical journals, and healthcare

providers. They're not just academic exercises—they're the standards that determine

whether your Al actually gets implemented in clinical practice.

DECIDE-AI (Developmental and Exploratory Clinical Investigations of Decision

support systems driven by Artificial Intelligence)

DECIDE-AIl is the crucial third pillar in the regulatory framework. If TRIPOD-AI governs
reporting and PROBAST-AI handles risk assessment, then DECIDE-AI governs the
critical "pilot phase" where Al systems first meet real clinical workflows.
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https://www.sciencedirect.com/science/article/pii/S0895435625000654
https://www.sciencedirect.com/science/article/pii/S0895435625000654
https://www.sciencedirect.com/science/article/pii/S0895435625000654
https://pubmed.ncbi.nlm.nih.gov/30596876/
https://pubmed.ncbi.nlm.nih.gov/30596876/
https://pubmed.ncbi.nlm.nih.gov/30596876/
https://www.sciencedirect.com/science/article/pii/S0895435625000654
https://www.sciencedirect.com/science/article/pii/S0895435625000654
https://www.sciencedirect.com/science/article/pii/S0895435625000654
https://www.sciencedirect.com/science/article/pii/S0895435625000654

DECIDE-AI provides multi-stakeholder, consensus-based reporting guidelines for early-

stage clinical evaluation of Al-based clinical decision support systems Reporting

guideline for the early stage clinical evaluation of decision support systems driven

by artificial intelligence: DECIDE-AI - PubMed. This is the bridge between lab

performance and real-world impact.

The core problem DECIDE-AI solves: A growing number of Al systems show promising
performance in preclinical, in silico evaluation, but few have yet demonstrated real

benefit to patient care Reporting guideline for the early stage clinical evaluation of

decision support systems driven by artificial intelligence: DECIDE-AI - PubMed.

Most Al tools fail not because of technical issues, but because of human factors and
workflow integration problems.

Key Components:

Comprehensive checklist: 17 Al-specific reporting items (made of 28 subitems)
and 10 generic reporting items, with explanation and elaboration for each
Reporting guideline for the early-stage clinical evaluation of decision support
systems driven by artificial intelligence: DECIDE-AI | EQUATOR Network

Multi-stakeholder development: 123 experts participated in the first Delphi
round, 138 in the second, plus consensus meetings Reporting guideline for the

early-stage clinical evaluation of decision support systems driven by
artificial intelligence: DECIDE-AI | EQUATOR Network across 20 different
stakeholder categories

Focus on human factors: Unlike TRIPOD-AI (which focuses on model
performance) or PROBAST-AI (which assesses bias), DECIDE-Al emphasizes
human factors influencing clinical Al performance and transparent reporting of
clinical studies Al-Driven Clinical Decision Support Systems: An Ongoing
Pursuit of Potential - PubMed

What DECIDE-AI Actually Evaluates:

Real-world performance - How does the Al perform when clinicians are actually
using it?

Safety assessment - What happens when the Al makes mistakes in live clinical
settings?

Human-Al interaction - Do clinicians trust the system? Do they override it
appropriately?

Workflow integration - Does the Al fit into existing clinical processes or disrupt
them?


https://pubmed.ncbi.nlm.nih.gov/35584845/
https://pubmed.ncbi.nlm.nih.gov/35584845/
https://pubmed.ncbi.nlm.nih.gov/35584845/
https://pubmed.ncbi.nlm.nih.gov/35584845/
https://pubmed.ncbi.nlm.nih.gov/35584845/
https://www.equator-network.org/reporting-guidelines/reporting-guideline-for-the-early-stage-clinical-evaluation-of-decision-support-systems-driven-by-artificial-intelligence-decide-ai/
https://www.equator-network.org/reporting-guidelines/reporting-guideline-for-the-early-stage-clinical-evaluation-of-decision-support-systems-driven-by-artificial-intelligence-decide-ai/
https://www.equator-network.org/reporting-guidelines/reporting-guideline-for-the-early-stage-clinical-evaluation-of-decision-support-systems-driven-by-artificial-intelligence-decide-ai/
https://www.equator-network.org/reporting-guidelines/reporting-guideline-for-the-early-stage-clinical-evaluation-of-decision-support-systems-driven-by-artificial-intelligence-decide-ai/
https://www.equator-network.org/reporting-guidelines/reporting-guideline-for-the-early-stage-clinical-evaluation-of-decision-support-systems-driven-by-artificial-intelligence-decide-ai/
https://pubmed.ncbi.nlm.nih.gov/38711724/
https://pubmed.ncbi.nlm.nih.gov/38711724/

e Usability factors - Is the interface intuitive? Does it slow down or speed up
clinical decisions?

Why DECIDE-AI is Critical for our Framework:

In our clinical trial diagram, DECIDE-AI is specifically what governs the "Early live pilot
(DECIDE-AI)" box. This is where our:

o Digital twin generator gets tested with real clinicians

¢ Synthetic control arms prove they actually work in practice

e Adaptive trial desighs demonstrate they can integrate with clinical workflows
Real-World Impact:

Given the rapid expansion of Al systems and concentration of related studies in
radiology, these standards are likely to find a place in radiological literature soon Al-
Driven Clinical Decision Support Systems: An Ongoing Pursuit of Potential -
PubMed. But the principles apply across all clinical domains.

The key insight: Al-enabled Clinical Decision Support systems promise to revolutionize
healthcare decision-making, but require comprehensive frameworks emphasizing
trustworthiness, transparency, and safety Artificial intelligence-based clinical
decision support in pediatrics | Pediatric Research. DECIDE-AI provides that
framework for the critical early-stage evaluation.

How it Connects to our Synthetic Control Strategy:
o Validates our digital twins work with real clinicians - not just in simulation
 Tests adaptive trial mechanisms in live clinical environments
e Proves synthetic controls are acceptable to clinical teams before scaling up
o Identifies workflow integration issues before expensive full-scale trials

DECIDE-Al is what turns our "Al evidence engineering" from a theoretical framework
into a clinically-validated reality. It's the regulatory standard that ensures our adaptive
trials + synthetic controls actually work when clinicians are making real decisions about
real patients.

Without DECIDE-AI compliance, even technically perfect Al systems often fail at
implementation. With it, you have the regulatory backbone to move from pilot to
practice.

CONSORT-AIl (Consolidated Standards of Reporting Trials—Artificial Intelligence)

CONSORT-Al is the final piece of your regulatory puzzle. It's the gold-standard
framework for proving your Al system works in full-scale clinical trials.


https://pubmed.ncbi.nlm.nih.gov/38711724/
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https://www.nature.com/articles/s41390-022-02226-1
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CONSORT-Al is a new reporting guideline for clinical trials evaluating interventions with
NatureThe Lancet an Al component, developed in parallel with SPIRIT-Al for trial
protocols. This is where you prove your Al system actually improves patient outcomes
at scale.

It was developed through a staged consensus process involving literature review and
expert consultation to generate 29 candidate items, assessed by an international multi-
stakeholder group Reporting guidelines for clinical trial reports for interventions

involving artificial intelligence: the CONSORT-AI extension | Nature Medicine.

CONSORT-Al vs. DECIDE-AI: The Key Difference
o DECIDE-AI = Early pilots with small groups (does it work safely?)

e CONSORT-AI = Full-scale RCTs with thousands of patients (does it improve
outcomes?)

What CONSORT-AI Actually Governs:
Comprehensive Al-specific requirements:

e Algorithm version, accessibility of Al intervention or code, and references to
study protocol CONSORT-AI sets standards for reporting on artificial
intelligence in trials | RAPS

o Cleardescriptions of the Al intervention, including instructions and skills
required for use Reporting guidelines for clinical trial reports for interventions

involving artificial intelligence: the CONSORT-AI extension - PubMed

e Setting integration, handling of inputs/outputs, human-Al interaction, and
analysis of error cases Reporting guidelines for clinical trial reports for

interventions involving artificial intelligence: the CONSORT-AI extension -
PubMed

Enhanced participant criteria:

¢ Inclusion/exclusion criteria at the level of participants AND at the level of input
data Reporting guidelines for clinical trial reports for interventions involving
artificial intelligence: the CONSORT-AI extension - PubMed

o Traditional patient criteria + data quality requirements for Al
Rigorous outcome measurement:

e Studies must be conducted and reported to the highest standards to enable
effective evaluation for regulatory approval and commissioning decisions Al
Reporting Guidelines: How to Select the Best One for Your Research |

Radiology: Artificial Intelligence
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https://pubmed.ncbi.nlm.nih.gov/32908283/
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Real-World Impact & Adoption:

Current state: A 2024 systematic review found 65 Al RCTs with median 90%
concordance with CONSORT-AI reporting, though only 10 RCTs explicitly reported its use

Concordance of randomised controlled trials for artificial intelligence interventions
with the CONSORT-AI reporting guidelines | Nature Communications

Geographic distribution: Mostly conducted in China (37%) and USA (18%)
Concordance of randomised controlled trials for artificial intelligence interventions
with the CONSORT-AI reporting guidelines | Nature Communications

Journal adoption: Only 3 of 52 journals explicitly endorsed or mandated CONSORT-AI
Concordance of randomised controlled trials for artificial intelligence interventions

with the CONSORT-AI reporting guidelines | Nature Communications - indicating

huge opportunity for standardization
In our diagram, CONSORT-AI governs:
e Pragmatic/cluster RCT box - Traditional randomized trials with Al components

e Hybrid trial with Bayesian borrowing - Your synthetic control + adaptive design
trials

Critical CONSORT-AI Requirements for Your Synthetic Control Strategy:

- Algorithm versioning - Your digital twin generator updates must be tracked and
reported

- Data provenance - Clear documentation of real vs. synthetic control patients
- Human-Al interaction - How clinicians actually use your Al recommendations

- Error analysis - What happens when your synthetic controls don't match real-world
outcomes

- Integration protocols - How your adaptive trial mechanisms work in practice
Why This Matters for Regulatory Success:

CONSORT-Al assists editors, peer reviewers, and general readership to understand,
interpret, and critically appraise the quality of clinical trial design and risk of bias in
reported outcomes Reporting guidelines for clinical trials of artificial intelligence
interventions: the SPIRIT-Al and CONSORT-AI guidelines | Trials | Full Text.

Without CONSORT-AI compliance:
e Journals may reject your publications

¢ Regulators may question your evidence quality
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Healthcare systems may refuse to adopt your Al

With CONSORT-AIl compliance:

Clear path to regulatory approval
Publishable in top-tier journals
Trusted by clinical communities

Evidence for health technology assessment

The Complete Regulatory Stack:

Our "Al evidence engineering" framework now has complete regulatory backing:

1.

2.

3.

4.

5.

TRIPOD-AI ensures proper model development reporting
PROBAST-AIl validates low risk of bias

DECIDE-AI proves early clinical safety and usability
CONSORT-AIl demonstrates real-world efficacy at scale

Adaptive designs + synthetic controls enable continuous evidence updates

CONSORT-Al is what transforms your innovative adaptive trial + synthetic control

approach from "promising research" into "regulatory-approved clinical practice." It's
the final bridge between your digital twin generator and widespread healthcare
adoption.



