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BACKGROUND

Radiation necrosis (RM) remains one of
the mest challenging complications
after stereotactic radiosurgery (SRS}

for brain metastases. Because RN may
mirnic tumor progression and significantly
impair neurological function, accurate
risk estimation is essential for guiding
post-treatment management.

To develop machine leaming-based
models for predicting the risk of RM
after SRS using clinical and dosimetric
parameters.
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» Treatment:
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6. VALIDATION & EVALUATION FRAMEWORK
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Feature Set
Features used in the model:

+ V14 minus CTV
+ Coverage index
* Homogeneity index
+ Periturneral edema

Final feature matrix
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Logistic Regression Random Forest

FORRE (Primary Model) | (Ensemble Model)
AUC 0.688 0.665
Sensitivity 88% 63%
Fl-score 0.609 0.556

Logistic regression demonstrated higher sensitivity
and better stability on the independent test set.
The model is well-suited for identifying high-risk
patients who may benefit frormn closer surveillance.

CONCLUSIONS

» This study developed and evaluated machine learning
models for predicting radiation necrosis after SRS.

« Four routinely available parameters were incorporated
into the final model.

* Logistic regression provided robust performance with
high sensitivity for risk screening.

» Dosimetric metrics reflecting normal brain dose
exposure contributed most to prediction accuracy.

* The proposed approach can support personalized
follow-up strategies and clinical decision-making.

+ Further work includes external validation, larger cohorts,
and integration of radiomic imaging biomarkers.
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