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- CPD Performance on Synthetic FCS Scenarios

295 miillion people face food insecurity globally; crises can escalate from Stressed to Emergency within weeks F1 Score Recall
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Key question: Can Change Point Detection algorithms (CPD), calibrated on synthetic data, identify food crises from noisy daily measurements? —— MMH
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* Real-World Data:
* WFP HungerMaps Real-Time Monitoring
* Food Consumption Score (FCS) € [0,1]
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