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Introduction Results

Malarial anemia: A life-threatening medical emergency requiring rapid recognition in resource- Receiver operating characteristic (ROC) analysis for malarial anemia detection
limited settings, driven by Plasmodium-mediated red blood cell destruction and severe Direct model is preferred (AUC = 0.81) compared with AND-
= Challenge: No noninvasive, rapid, direct test currently exists for fast-track detection of malarial l gate (AUC = 0.55)

anemia. Current malaria and anemia diagnosis methods are invasive, require training, and require
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Methods Conclusion

Study design T e e

= Gakoma Hospital, Gisagara District, ; - AT = QOptimized directly for the joint endpoint (malarial anemia), not separate malaria and anemia
Rwanda e tests

= Publicly available dataand - = = Even with strong individual models, an AND rule is suboptimal for detecting malarial anemia
additional de-identified data A e | = Uses standard built-in smartphone cameras for portable, low-cost, easy deploymentin

Radiomic extraction and selection - . resource-limited settings

- TOp 10 radiomic features | Malarial anemia prediction H Neural network classification Radiomic feature selection " DeSigned for rapid triage, la rge'scale screening, and risk stratification where delays can be fatal
associated with malaria and S and urgent transfusion may be needed

anemia (20 features total) = First radiomics-based study using smartphone palpebral conjunctiva images to identify children
at elevated risk of malarial anemia
Bayesian optimization of neural network % g = Next steps: multi-device, multi-site validation and larger cohorts enriched for very low Hgb to
= |dentify optimal hyperparameters efficiently, reducing evaluation time enable severity-stratified/ordinal prediction (e.g., moderate vs severe)
= Final hyperparameters: 2 hidden layers with 118 and 258 neurons, using tanh activation,
stochastic gradient descent (SGD) with learning rate 0.001 for 100 epochs
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