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INTRODUCTION

Acute Lymphoblastic Leukemia (ALL) is a critical
hematological malignancy with diverse outcomes based on a
variety of clinical and genetic factors. The integration of
machine learning (ML) in hematopathology promises to
enhance prognostic accuracy and personalize treatment
strategies, leveraging complex datasets to predict patient
outcomes.

To develop and evaluate a machine learning model that predicts
overall survival status in ALL patients using clinical and
genetic features.

METHOD

This study utilized a retrospective cohort dataset comprising clinical
and genomic data from three studies on pediatric Acute
Lymphoblastic Leukemial. Initial model development focused on
two clinical features: Diagnosis Age and White Blood Cell (WBC)
count. The model was later expanded to include additional features
(Sex, MLL Status, DNA Index) to investigate their impact on
predictive performance.

The dataset combined information from the Pediatric Acute
Lymphoid Leukemia - Phase Il (TARGET, 2018), and Acute
Lymphoblastic Leukemia studies (St. Jude, Nat Genet 2015 & 2016),
offering a comprehensive view of clinical and genetic characteristics
Influencing ALL outcomes.

The primary outcome was overall survival status, categorized as
living or deceased. Model performance was evaluated using accuracy,
precision, recall, F1 score, and ROC-AUC score metrics.
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RESULTS

The initial model, utilizing Diagnosis Age and WBC, yielded
an accuracy of 80.62% and a ROC-AUC score of 75.38%.
Incorporating additional features improved accuracy to
84.39% and the ROC-AUC score to 79.08%. These
enhancements suggest the added features' significant role In
accurately predicting survival outcomes.

Machine learning models can effectively predict overall survival
status in ALL patients using a combination of clinical and
genetic features. The inclusion of broader feature sets
significantly enhances model performance, underscoring the
Importance of integrating diverse data types in prognostic
modeling. This approach holds potential for improving clinical
decision-making and personalized patient care In
hematopathology..
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