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RELATED WORK
SHAP²: Reference XAI method in medicine

Advantages: 
Local and global explanations
Attractive visualizations

Limitations:
SHAP values remain abstract for
clinicians
Lack of variable interactions
Global averages mask patient diversity

Existing rule-based approaches³˒⁴˒⁵:

Advantages: 
Close to clinical reasoning
Description of specific patient profiles
Capturing variable interactions

Limitations: 
Only local or global explanations
Rules are often long and therefore
complex
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ENHANCING SHAP EXPLANATION INTERPRETABILITY
USING SUBGROUP DISCOVERY
M A Ë L L E  M O R A N G E S ,  T H O M A S  G U Y E T

METHOD
 GENERATION OF

 GLOBAL RULES

Extraction of class-
wise descriptive rules

via Subgroup
Discovery, with

optimization of a
SHAP-weighted

WRAcc

EXTRACTION OF
 LOCAL RULES

EVALUATION OF
 GLOBAL RULES

EVALUATION OF
 LOCAL RULES

1.Rule selection
covering the

instance
2.Filtering by positive
SHAP contributions
3.Ranking by mean
SHAP contribution

lift: relative
frequency of the

target class
WRAcc: subgroup

exceptionality
relative to the full

dataset

fidelity: model
agreement

précision: ground-
truth agreement

complétude:
coverage rate

cohérence:  rules
agreement

MODEL
& DATA

Illustration of the proposed quality measure

Local explanation generated by our method for
the same instanceSHAP local explanation for the first test instance

EXEMPLE OF RESULTS

Standard global SHAP visualization Global rules extracted by our method (10 per class)

Comparison of global (top) and local (bottom) explanations on the Framingham dataset,
contrasting standard SHAP (left) with our method (right)
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INTRODUCTION
Predictive AI in Medicine: High-performing
predictive models are often opaque. Their
clinical adoption requires reliable and
comprehensible explanations.

Objective: producing explanations that are:
Clinically interpretable
Model-agnostic
Integrating interactions between
variables
Accounting for individual variability
Both global and local

Proposed approach: Generation of
explicit IF-THEN rules by combining
SHAP and Subgroup Discovery ¹.

Challenges:
Explanations faithful to the internal
behavior of the model
Precise explanations beyond simple
importance scores
Alignment of XAI explanations with
clinical reasoning
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