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“Why Rethink AE 
Signal Detection?”
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Limitations 
of 
Traditional 
Metrics

Frequency-driven, ignores clinical severity

No incorporation of time to onset

Doesn’t consider AE co-occurrence

High false-positive rates in small populations

Important safety context is often missed
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• Demonstrate how AI-driven 
methods can augment traditional 
AE signal detection

• Leverage ADaM-standardized 
datasets

• Maintain -

• Interpretability

• Traceability

• Regulatory alignment

• Phase 2 & 3 clinical trials

• Statistical programmer–
driven workflow

• Automated pipeline to detect 
early signals

PRIMARY OBJECTIVE                                       FOCUS
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ADaM Datasets

Traditional Disproportionality (PRR / ROR)

AI / ML Signal Analytics

Composite Signal Prioritization Score

Clinically Reviewable AE Signals                          

AI driven ADaM

Automated AE Detection Pipeline
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• All features derived post-ADaM

• No SDTM modifications

• Fully auditable and reproducible
Important

Where Do the Features Come From?
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Feature Engineering

Event-
Level 
Features

AE severity (MILD / MODERATE / SEVERE)

Serious AE flag

Time-to-onset (AESTDY)

AE duration

Subject-
Level 
Features

Total AE burden

Exposure dose & duration

Demographic risk indicators

 Enables multidimensional safety analysis
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Disproportionality 
Analysis

AE Severity 
Clustering

Association 
Rule Mining

Anomaly 
Detection

METHODS USED FOR ANALYSIS
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• Proportional Reporting Ratio (PRR)

• Reporting Odds Ratio (ROR)

Traditional 
Metrics

• 2×2 contingency tables per AEDECOD

• Continuity correction for sparse counts

• Standard clinical thresholds applied
Implementation

• Serves as baseline comparatorRole in Pipeline

Baseline: Disproportionality Analysis
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What Was 
Done

K-means 
clustering at 

AEDECOD level

Determine K via 
silhouette

Features used:

Total events Serious AEs Severe AEs Early onset Unique subjects

Outcome

Identified low, 
moderate, and 
high-impact AE 

clusters

ML Layer 1: AE Severity Clustering



Visualizations based on Clustering Analysis
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• Separates:

o High-frequency but low-severity AEs

o Low-frequency but high-severity AEs

• Highlights AEs with early onset or severe outcomes

• Three clusters based on AEDECOD identified.

•  Improves clinical prioritization
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ML Layer 2: AE Co-Occurrence Analysis

• Association rule mining

• AE “basket” created per 
subject

• Metrics:
• Support

• Confidence
• Lift

Method

• AE interaction patterns

• AEs often occur together, 
not independently

• Syndromic or multi-
system toxicity signals

What It Reveals
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ML Layer 3: Subject-Level Anomaly Detection

Approach

Mahalanobis distance 
based on subject AE 

profiles

Features include

AE count

SAE count

Early onset

Exposure

Purpose
Identify rare but 

clinically important 
safety profiles
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• It Flags:

• Rare serious events

• Early-onset toxicities

• Prioritizes review-worthy 
subjects

Why Anomaly 
Detection Matters
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Integrating Results: AI Driven Dataset

AI-
Enriched 

AE Dataset

Each AE 
enriched 

with:

• PRR / ROR metrics

• Cluster risk category

• Co-occurrence lift

• Subject anomaly flags

Result Single analysis-ready 
safety dataset
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What is Composite Signal Priority Score?

Why PCA?
Applied Principal Component Analysis 

(PCA) to derive empirical weights.
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Signal Tiers

Tier 
Classification

Tier 1: 
Immediate 

clinical review

Tier 2: Monitor 
closely

Tier 3: 
Background

Benefit

Directly usable 
in safety 

governance 
discussions
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Comparative Results: PRR Vs AI
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Comparative Results: ROR Vs AI
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This suggests Composite score provided broader coverage and may capture 

clinically relevant signals earlier.
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“ML-derived signal features provide 
orthogonal evidence that 
contextualizes frequency-based 
metrics.”
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Regulatory & Workflow Considerations

• Interpretable models

• ADaM-based traceability

• Human in the loop review

Regulatory Alignment

• Seamless integration into SP workflow pipelines

• No disruption to validated processes

Workflow Fit
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Key Takeaways

PRR/ROR 
alone are 

insufficient in 
Phase 2 and 

3 trials

Statistical 
programmers 
can lead early 

AI-driven 
safety 

innovation
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Which method according to you helps detect 
early-onset toxicity patterns most?

If you were to prioritize safety signals tomorrow, 
what extra dimension would you want AI model to 
consider?
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