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Objective Mixture Model Clustering Experiment:
Heart Failure dataset

Task: to segment patients in groups with Clustering: given a dataset, assign each sample
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Disease Frequency

converted into a binary matrix X: (X);; = 1 if

patient ¢ has disease 3.
Learning mixture parameters:
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Patleﬂt 1 1 1 O e Obesity Cluster 3: chronic kidney disease

Pulmonary hypertension,
Diseases tricuspid valve,

Patient 2 0 1 1
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Method of moments

Cluster 5:
Hypertensive chronic,
kidney disease,
Chronic kidney disease,
Acute kidney failure,
Diabetes mellitus

A general approach from [5]:

Objective: cluster the rows of the matrix. |
Challenges: sparse and high dimensional data. - Estimate from data the moments:

Metabolic issues Pre-existing heart disorders Kidney-related issues

State of the art . .
Experiment: "Tertiary" Dataset

Distance-based clustering methods « Obtain mixture’s parameters with tensor
1|(k-means, k-medioids, single linkage) : poor decomposition on the moments:
j_aerformanees. on high enmensmnal Sparse data; TD(M,, My, Ms) — (M, w)
manual definition of a distance function.

Patients with a serious disease, to be treated in
reference hospitals in the area.

The decomposition of M3 constrained to (1)
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Proposed approaCh: apprOXimate eStimateS. Disease Frequency

Bernoulli variables (Naive Bayes model)
Define
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« X = (x1,...,xq) are observable, conditionally

independent on Y . -
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