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Event adjudication is a trial bottleneck
High-value for rigor, but costly, slow, and inconsistently operationalized across adjudication groups

Why this process becomes expensive and variableClinical endpoint adjudication
The promise is standardization; the pain point is manual expert 
review at scale.

$ Cost pressure
Requires source document collection, dossier assembly, expert 
review, queries, reconciliation, and committee operations.

Operational drag
Events often wait for complete documents and multiple reviewers, 
creating turnaround delays before DSMB or final analyses.

Between-group variability
Event definitions, reviewer interpretation, source document completeness, and 
workflow mechanics can differ across adjudication groups.

Bottom line: adjudication improves endpoint credibility, but the current 
human-centered model is a major scalability constraint.

Event report Source docs Expert review Final endpoint
Clinical trials | Endpoint adjudication



Evolution of Clinical Endpoint Committees
From independent adjudication in complex cardiovascular trials to standardized event definitions

CEC timeline

Key dates and shifts described in the text

CEC adoption matured as trials became larger, geographically distributed, more data-intensive, and more dependent on harmonized endpoint definitions.

1990s

CEC concept emerges
Independent academic experts 
proposed to verify clinical outcomes as 
trials became larger and more 
complex.

Early CEC era

Paper dossiers and CV focus
Adjudication was paper-based, 
sponsor-triggered by site-reported 
events, and initially concentrated in 
cardiovascular trials.

VALIANT example

Scale becomes visible

VALIANT recorded 1,700 MIs among 
14,703 high-risk patients, illustrating 
the logistical burden of event tracking.

2000s

Digital and broader use
CECs began incorporating EMR data, 
adjudicating ancillary data, and 
expanding beyond cardiovascular 
trials.

2011 → recent

Standard definitions mature
BARC bleeding criteria were developed 
in 2011; more recent FDA endpoint 
definitions further support 
harmonization.

Core workflow: collect/validate endpoint data → assemble patient-event dossier → 2 physician reviews → reconcile disagreements → enter final adjudicated 
call

Harmonization goal
Reduce classification variability

Note: “Recent” is shown as a relative milestone because the provided text did not specify a calendar year for FDA endpoint definitions. Clinical trial endpoint adjudication



The NLP Revolution: A 15-Year Timeline

Deep learning takes root in NLP. Models begin learning word meaning from 
data.
• RNNs for Language Modeling
• Word2vec (2013): Efficient Semantic Word Embeddings
• LSTMs Tackle Dependencies

Handling input/output sequences improves. Attention allows models to 
pinpoint relevant information.
• Sequence-to-Sequence (Seq2Seq) Architectures
• Attention Mechanism (2014/15): Models learn to focus, boosting Machine 

Translation

A revolutionary architecture based solely on Attention enables parallel 
processing and better context handling, setting the stage for modern NLP.
• "Attention Is All You Need": Introduces the Transformer Architecture.
• ELMo: Contextual Word Embeddings

Large models pre-trained on massive web text become dominant. Fine-tuning 
adapts them for specific tasks with unprecedented performance.
• BERT (2018): Bidirectional context understanding, SOTA via Pre-train & Fine-tune
• GPT & GPT-2 (2018/19): Powerful Generative Models Emerge
• RoBERTa, T5, XLNet Refine Techniques

Model size explodes, unlocking new abilities. Conversational AI becomes 
highly capable, and models start understanding multiple data types (text, 
images).
• GPT-3 (2020): Massive Scale (175B params), Impressive Few/Zero-Shot Learning
• CLIP & DALL-E (2021): Bridging Text and Images
• ChatGPT (2022): Conversational AI Goes Mainstream via RLHF

Focus shifts to reasoning, real-world interaction (agents), multimodality, and 
open-source alternatives alongside scaling and capability improvements.
• GPT-4 (2023): Enhanced Reasoning, Multimodal Input (Text + Image)
• Open Models Thrive: LLaMA, Mistral, Mixtral democratize access
• Rise of AI Agents: LLMs powering planning and tool use
• Focus on Efficiency (MoE), Safety, and Alternative Architectures (Mamba)

2010-2013

2014-2016

2017

2018-2019

2020-2022

2023-Present



Early Approaches

Fixed Model

Classifier

OCR

Parse

Dossier

Endpoint
Definition

RM

AdjudicationDossier
Summary
(Numeric)

Either:
Fixed Model or

Fine-Tuned Learning

PDF Docs Requirements:
• Large labeled datasets to train or fine-tune model
• Heavy preprocessing of dossiers to encourage generalization
• Endpoint informs the model only during training

Either:
Trained or

Fine-Tuned with RM

Representation 
Model (RM)

LSTM, CNN, Attention



Challenges with Early Approaches (Pre-LLM)

Dataset MI Stroke CV death
Validation (EUCLID) 0.90 0.73 0.81
Validation – No Adaptation (ODYSSEY) 0.60 0.43 0.59
Validation – Domain Adaptation (ODYSSEY) 0.54 0.49 0.58
Validation – Fine Tuning (ODYSSEY) 0.82 0.69 0.65

Studies:
• (Discovery) EUCLID was a global, randomized, double-blind, active comparator clinical trial that included 13,885 

patients with peripheral artery disease and compared monotherapy with ticagrelor and clopidogrel. 
• (Validation) ODYSSEY OUTCOMES was a global, randomized, double-blind, placebo-controlled trial, that included 

18,924 patients with a recent acute coronary syndrome and compared alirocumab with placebo.

MI Stroke CV Death

2,088 708 1,052

Yes No Yes No Yes No

853 1,235 485 223 496 556

• Processing: Textract or Tesseract
• Representation Model: GloVe
• Classification Model: CNN



Challenges with Newer Approaches

Retrospective analysis of the Influenza Vaccine to Effectively Stop Cardio Thoracic Events 
and Decompensated Heart Failure (INVESTED) trial, which compared 2 influenza vaccines 
in 5260 participants with cardiovascular disease at 157 sites in the US and Canada



Fixed Model

New Approaches based on LLMs

Critic

OCR

Parse

Dossier

Endpoint
Definition

LLM

Adjudication
(+Justification)

Dossier
Summary

(Text)

Either:
Fixed Model or

In-Context Learning

PDF Docs Wants:
• Accept both parsable and non-parsable input documents
• Take endpoint definition as an input
• Require no (or very little) training (or refining) 



AI-assisted adjudication of MACE in clinical trials
Auto-MACE combines an LLM adjudicator with Clinical Longformer to separate confident events from cases needing human review

Marti-Castellote et al. | JACC 2026

Clinical trials + AI

WHY IT MATTERS

CEC adjudication is the 
standard but can be labor-
intensive, slow, opaque, 
and imperfectly 
reproducible.

Test set: PARADISE-MI 
global trial events withheld 
from Auto-MACE model 
development.

Validation events

455

deaths

659

MI

167

strokes

Question: Can AI reproduce human CEC adjudication 
and preserve treatment-effect inference?

AUTO-MACE WORKFLOW

AI adjudication engine

PDF
records

Plain
text

Model
outputs

o1-mini LLM
primary adjudication

Clinical Longformer
uncertainty flag

Confident Reject Uncertain

Uncertain cases are routed to human CEC review.

KEY FINDINGS

Agreement with human CEC among confident Auto-MACE events

97%

CV death

69% confident

89%

MI

46% confident

88%

Stroke

81% confident

0%

100%

Treatment-effect estimate preserved

Composite MACE HR: CEC 0.90 vs Auto-MACE 0.91

95% CIs overlapped closely: 0.77–1.05 vs 0.78–1.07

Take-home: AI can triage straightforward MACE events and focus 
human CEC effort on uncertainty.

Visual abstract structure: concise paper teaser → question + methods + key outcome + implication; designed with minimal text and prominent visual hierarchy. Auto-MACE: automated adjudication of CV death, non-fatal MI, and non-fatal stroke

Previous efforts at AI for CEC have:
– Derived separate models for each CV event type
– No demonstrated ability to adapt to new definitions 

or endpoints across trials



Objectives

• Develop and train an AI algorithm to perform clinical endpoint 
adjudication that can:

• Extend to new endpoints

• Extend to new trials

• Compare algorithm performance to GPT 4.0 and hybrid 
adjudication (AI + human)

• Re-estimate a trial’s primary endpoint using AI-CEC



D E V E L O P M E N T  P I P E L I N E S T R A T E G Y  C O M P A R I S O N
E U C L I D  P R I M A R Y  E N D P O I N T  
R E P L I C A T I O N

VS

Kaplan–Meier cumulative incidence: CV Death, MI, or Ischemic Stroke

ADAPT-CEC

Hybrid 
ADAPT-CEC 

+ Human

GPT-4 
GPT-4
Large language model 
zero-shot adjudication

ADAPT-CEC
Automated AI adjudication: 
no human review in the loop

Hybrid ADAPT-CEC 
+ Human
AI pre-screening with expert 
review on uncertain cases

A L G O R I T H M

ADAPT-CEC Model
Model trained on labeled events to classify endpoints

T R A I N I N G  D A T A

ODYSSEY OUTCOMES
Source trial providing labeled clinical narratives for supervised 
learning

MI StrokeTrained on:

V A L I D A T I O N  ·  E U C L I D

Adjudication of New Events
Applied under new definitions to four endpoint categories

MI (new definition)

Stroke (new definition)

CV Death (new event)

Bleeding (new event)

CEC: HR 1.02 (0.93–
1.13), p=0.65

Hybrid: HR 1.04 (0.94–
1.15), p=0.44

CEC: HR 1.02 (0.93–
1.13), p=0.65

GPT-4: HR 1.06 (0.95–
1.19), p=0.29

CEC: HR 1.02 (0.93–
1.13), p=0.65

Predicted: HR 0.98 (0.88–
1.09), p=0.74

VS

Study Design

Step 1 Step 2 Step 3



Steg et al.  ACC 2018

ODYSSEY OUTCOMES
18,924 patients randomized at 1315 sites in 57 countries, Nov 2, 2012-Nov11,2017



Steg et al.  ACC 2018

Treatment Assignment



ADAPT-CEC Methods



ADAPT-CEC Methods



ADAPT-CEC Methods
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E U C L I D  P R I M A R Y  E N D P O I N T  
R E P L I C A T I O N

VS

Kaplan–Meier cumulative incidence: CV Death, MI, or Ischemic Stroke

ADAPT-CEC

Hybrid 
ADAPT-CEC 

+ Human

GPT-4 
GPT-4
Large language model 
zero-shot adjudication

ADAPT-CEC
Automated AI adjudication: 
no human review in the loop

Hybrid ADAPT-CEC 
+ Human
AI pre-screening with expert 
review on uncertain cases

A L G O R I T H M

ADAPT-CEC Model
Model trained on labeled events to classify endpoints

T R A I N I N G  D A T A

ODYSSEY OUTCOMES
Source trial providing labeled clinical narratives for supervised 
learning

MI StrokeTrained on:

V A L I D A T I O N  ·  E U C L I D

Adjudication of New Events
Applied under new definitions to four endpoint categories

MI (new definition)

Stroke (new definition)

CV Death (new event)

Bleeding (new event)

CEC: HR 1.02 (0.93–
1.13), p=0.65

Hybrid: HR 1.04 (0.94–
1.15), p=0.44

CEC: HR 1.02 (0.93–
1.13), p=0.65

GPT-4: HR 1.06 (0.95–
1.19), p=0.29

CEC: HR 1.02 (0.93–
1.13), p=0.65

Predicted: HR 0.98 (0.88–
1.09), p=0.74

VS

Study Design

Step 1 Step 2 Step 3



Patel et al.  AHA 2016

Global Participation
13,855 patients / 811 sites / 28 countries



Patel et al.  AHA 2016

EUCLID
Patient Follow up



Adaptation to New Definitions / Endpoints



Adaptation to New Definitions / Endpoints



Adaptation to New Definitions / Endpoints
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ADAPT-CEC

Hybrid 
ADAPT-CEC 

+ Human

GPT-4 
GPT-4
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zero-shot adjudication
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Automated AI adjudication: 
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AI pre-screening with expert 
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A L G O R I T H M

ADAPT-CEC Model
Model trained on labeled events to classify endpoints

T R A I N I N G  D A T A

ODYSSEY OUTCOMES
Source trial providing labeled clinical narratives for supervised 
learning

MI StrokeTrained on:

V A L I D A T I O N  ·  E U C L I D

Adjudication of New Events
Applied under new definitions to four endpoint categories

MI (new definition)

Stroke (new definition)

CV Death (new event)

Bleeding (new event)

CEC: HR 1.02 (0.93–
1.13), p=0.65

Hybrid: HR 1.04 (0.94–
1.15), p=0.44

CEC: HR 1.02 (0.93–
1.13), p=0.65

GPT-4: HR 1.06 (0.95–
1.19), p=0.29

CEC: HR 1.02 (0.93–
1.13), p=0.65

Predicted: HR 0.98 (0.88–
1.09), p=0.74

VS

Study Design

Step 1 Step 2 Step 3



Step 2: ADAPT-CEC in New Definitions in EUCLID

Endpoint Metric
ADAPT-CEC             

Adaptive Training Size=20 
(95% CI)

Hybrid ADAPT-CEC – 
Human Adjudication 30% 

Filtered (95% CI)
GPT4o (95% CI)

p-value 
(ADAPT vs. GPT)

MI F1 0.731 (0.709–0.752) 0.795 (0.771-0.818) 0.697 (0.669–0.725) 0.031
PPV 0.635 (0.607–0.663) 0.701 (0.669-0.733) 0.821 (0.791–0.851) 0.000
TPR 0.859 (0.836–0.883) 0.917 (0.894 – 0.983) 0.606 (0.572–0.639) 0.000

AUC 0.825 (0.807–0.842)
AUPRC 0.715 (0.678–0.750)

ECE 0.066 (0.050–0.082)
Stroke F1 0.780 (0.745–0.813) 0.821 (0.783 – 0.857) 0.812 (0.780–0.842) 0.048

PPV 0.754 (0.709–0.796) 0.829 (0.780 – 0.877) 0.787 (0.745–0.828) 0.035
TPR 0.809 (0.765–0.849) 0.812 (0.762 – 0.860) 0.838 (0.798–0.876) 0.231

AUC 0.800 (0.764–0.834)
AUPRC 0.793 (0.741–0.843)

ECE 0.083 (0.057–0.111)



ADAPT-CEC and Type I vs. Type II MI

Endpoint Metric

ALL MI TYPES 
vs. No Event

TYPE 1 MI vs. 
TYPE 2 MI Difference 

ALL MI TYPES vs. 
No Event - TYPE1 

vs TYPE2

p-value
ADAPT-CEC

Ctxt=20 (95% CI)
ADAPT-CEC

Ctxt=20 (95% CI)

MI

Accuracy 0.760 (0.742–0.778) 0.739 (0.708–0.770) +0.021 0.241
F1 0.731 (0.709–0.752) 0.759 (0.725–0.789) -0.028 0.161

PPV 0.635 (0.607–0.663) 0.819 (0.780–0.856) -0.184 0.000
TPR 0.859 (0.836–0.883) 0.706 (0.665–0.747) +0.153 0.000

AUC 0.825 (0.807–0.842) 0.786 (0.752–0.818) +0.039 0.038
AUPRC 0.715 (0.678–0.750) 0.848 (0.813–0.880) -0.135 0.000

ECE 0.066 (0.050–0.082) 0.085 (0.067–0.119) -0.023 0.091



Step 2: ADAPT-CEC in New Endpoints in EUCLID

Endpoint Metric
ADAPT-CEC              Adaptive 

Training Size=20 (95% CI)

Hybrid ADAPT-CEC – 
Human Adjudication 
30% Filtered (95% CI)

GPT4o 
(95% CI)

p-value

(ADAPT 

vs. GPT)

CV 
Death

F1 0.873 (0.854–0.891) 0.940 (0.925 – 0.955) 0.862 (0.842–0.882) 0.295

PPV 0.891 (0.867–0.913) 0.931 (0.909 – 0.953) 0.954 (0.936–0.970) 0.000

TPR 0.857 (0.830–0.882) 0.949 (0.929 – 0.967) 0.787 (0.757–0.817) 0.000

AUC 0.919 (0.903–0.934)

AUPRC 0.937 (0.920–0.952)

ECE 0.088 (0.071–0.106)

Bleeding F1 0.780 (0.745–0.813) 0.833 (0.819 – 0.846) 0.564 (0.546–0.581) 0.000

PPV 0.754 (0.709–0.796) 0.951 (0.939 – 0.961) 0.707 (0.686–0.727) 0.000

TPR 0.809 (0.765–0.849) 0.741 (0.721 – 0.760) 0.468 (0.449–0.487) 0.000

AUC 0.800 (0.764–0.834)
AUPRC 0.793 (0.741–0.843)

ECE 0.083 (0.057–0.111)



D E V E L O P M E N T  P I P E L I N E S T R A T E G Y  C O M P A R I S O N
E U C L I D  P R I M A R Y  E N D P O I N T  
R E P L I C A T I O N

VS

Kaplan–Meier cumulative incidence: CV Death, MI, or Ischemic Stroke

ADAPT-CEC

Hybrid 
ADAPT-CEC 

+ Human

GPT-4 
GPT-4
Large language model 
zero-shot adjudication

ADAPT-CEC
Automated AI adjudication: 
no human review in the loop

Hybrid ADAPT-CEC 
+ Human
AI pre-screening with expert 
review on uncertain cases

A L G O R I T H M

ADAPT-CEC Model
Model trained on labeled events to classify endpoints

T R A I N I N G  D A T A

ODYSSEY OUTCOMES
Source trial providing labeled clinical narratives for supervised 
learning

MI StrokeTrained on:

V A L I D A T I O N  ·  E U C L I D

Adjudication of New Events
Applied under new definitions to four endpoint categories

MI (new definition)

Stroke (new definition)

CV Death (new event)

Bleeding (new event)

CEC: HR 1.02 (0.93–
1.13), p=0.65

Hybrid: HR 1.04 (0.94–
1.15), p=0.44

CEC: HR 1.02 (0.93–
1.13), p=0.65

GPT-4: HR 1.06 (0.95–
1.19), p=0.29

CEC: HR 1.02 (0.93–
1.13), p=0.65

Predicted: HR 0.98 (0.88–
1.09), p=0.74

VS

Study Design

Step 1 Step 2 Step 3



Step 3: EUCLID 1º Endpoint Cumulative Incidence
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Step 3: EUCLID 1º Endpoint Treatment Effect

ADAPT-CEC: HR 0.98 
(0.88–1.09), p=0.74
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EUCLID 1º Endpoint Treatment Effect

CEC: HR 1.02 
(0.93–1.13), p=0.65

ADAPT-CEC: HR 0.98 
(0.88–1.09), p=0.74

CEC: HR 1.02 
(0.93–1.13), p=0.65

GPT-4: HR 1.06 
(0.95–1.19), p=0.29
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Limitations

1. Further work will be needed to validate ADAPT-CEC on other endpoints

2. ADAPT-CEC uses an LLM to summarize an event dossier, making it 
susceptible to changes in the underlying LLM

3. Performance across event types was not uniform

4. Training and Validation performed on adjudications at a single ARO

5.  Analyses were retrospective and prospective assessment of AI-CEC will be 
needed



Conclusions

• A single AI algorithm trained on a single trial can, after brief adaptation: 

• identify the same events with a new definition

• Identify new events 

• Validated in the EUCLID Trial

• ADAPT-CEC alone or as a hybrid strategy with human adjudication reproduced the 
EUCLID primary endpoint and effect size

• Further prospective studies are needed to determine how adaptive AI adjudication 
can be implemented in future trials.



Adaptive AI for Cardiovascular Event Adjudication: Cardiovascular 
Event Adjudication Across Different Definitions in the ODYSSEY 
OUTCOMES and EUCLID Trials
Sreekanth Vemulapalli, Karla Pena Guerra, Daniel 
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Implementation in an EHR
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Rationale:

• EMR-based clinical trials



Conclusions

▪A single AI algorithm trained on a single trial can, after brief adaptation: 
– identify the same events with a new definition

– Identify new events

▪ADAPT-CEC alone or as a hybrid strategy with human adjudication reproduced the 
EUCLID primary endpoint and effect size

▪Further prospective studies are needed to determine how adaptive AI adjudication 
can be implemented in future trials.

▪The potential impact of AI-enabled automated adjudication of outcomes on 
developing evidence for quality improvement and regulatory evidence is substantial
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