Uncovering Health Patterns in Severe Pneumonia and COVID-19 Using Tensor Decomposition
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Pneumonia Context: COVID-19 vs. Non-COVID-19 Data Collection
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 Comparative Studies: The significance of this study lies in its
potential to uncover how pneumonia manifests differently in
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Objective 1: Identity distinct bIOI_Oglcal_ patterns in both COVID components identified through tens or decomposition. With 62 clinical features available, it was crucial to select those with the patients, highlighting the diverse role neutrophils may
19 and non-COVID-19 pneumonia patients most relevance to ensure accurate and meaningful results. N d play in influencing clinical outcomes.
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complex patterns missed by traditional methods Fig. 5 Under Sampling & Oversampling: The distribution of each feature chosen differs between COVID and non COVID group. highlighting the variability in survival o
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0 0 N/ fe“ o < - Fig. 6 Kaplan-Meier Survival Curve: This figure shows the survival probability of patients over time. The data was refined mor_ta“_ty but also ?“_gn with specific blOlOQI(IDal p_athW_ayS mvolved. IN pneumonia.
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Fig. 2 Schematic of PARAFAC2 Tensor Decomposition: Patient measurements are
stacked into a tensor that integrates genes, cells, and patients. The decomposition reveals
key factors, allowing projections that capture the relationships between cell states and

clinical parameters across different patient groups.
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