Claims-Based Machine Learning Algorithms to Predict ECOG Performance Status (ECOQ)
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Pancreatic Cancer) Patients.
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Results

Introduction

* ECOG is used extensively in oncology to assess progression and determine treatment and prognosis of
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. Conclusions

 We demonstrated that using the AutoML framework, one can easily search
through multiple machine learning models and select the best one to predict
ECOG score. This framework can be extended to other claims databases with

Figure 1. Flowchart summary of methodology
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such as no. of OP visits, Charlson Comorbidity Score, hospice visit, and difficulty walking had some influence in the about half of
the top 20 models.
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Questions can be directed to Jayati Saha. jsaha@guardanthealth.com

Table 1. Patient attrition table. 8,674 pan-cancer patients were identified from the real-world database.
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