A MANIFOLD-INFORMED NEURAL NETWORK

“ FOR LOW-DATA, IMBALANCED ECG INFERENCE WITH AUXILIARY CLINICAL METADATA
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Why It Matters

Metadata
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Gender Age Drugs

* Electrolyte imbalances — fatal cases; diagnosis
requires blood draws

* ECGs encode electrolyte effects non-invasively, but
labeled data is scarce and imbalanced

e These electrolyte-driven ECG morphologies live on

a manifold - _
a0 No governing equation? MINN learns geometric

supervision from data—no physics needed.

* MINN exploits this geometry as a
supervision—fewer labels needed

Results How It Works
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This enforces a discrete Poisson equation on the
Low-Data Performance manifold—providing geometric supervision at every

data point, not just labeled ones.
Total objective: Liota] = Zt ﬁ(ct)z + A Lyinn

K™ Macro-F1 vs. Labeled Fraction
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- |8 PPIDM-TI = ECGFounder * Poisson residual + learned source > classical man-
062; + Logit Adj. = CatBoost Ifold smoothing (+0.06 K™ F1)
1510 25 50 100 * No known physics needed at all—generalizes to any
Labeled data (%) label-scarce domain with manifold structure

27% relative improvement at 1% labeled data. Acknowledgments Prof. Shixin Xu (mentor); DKU; my family.
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