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Desired: 
• Model inter- and intra-class variabilities 
• Achieve possibly “good performance”

f : y ! c p(c |y) =
p(y |c)p(c)
Z

• Problem of label propagation 
• Cluster assumption

Desired: 
• No wrong label propagation 
• Relaxing the cluster 

assumption

Discover the structure of data while preserving the discrimination among 
classes

Motivation



Why jointly addressing classification and clustering?

Medicine: discrimination between healthy and pathological cases is often 
hard (lack of complete understanding of the pathology, data collection)

Healthy vs. pathological case + Different forms of disease

Motivation



Why jointly addressing classification and clustering?

Medicine: discrimination between healthy and pathological cases is often 
hard (lack of complete understanding of the pathology, data collection)

Healthy vs. pathological case + Different forms of disease

Why not using two-stage approaches?

1. Clustering - Classification
2. Classification - Clustering

Motivation



Why jointly addressing classification and clustering?

Medicine: discrimination between healthy and pathological cases is often 
hard (lack of complete understanding of the pathology, data collection)

Healthy vs. pathological case + Different forms of disease

Why not using two-stage approaches?

1. Clustering - Classification
2. Classification - Clustering

Clustering and Classification with limited amount of supervised 
information

Motivation
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Model

1. Class-conditional densities are well approximated by a Gaussian mixture 
2. i.i.d. samples 
3. Data lie on a manifold

Model based on Mixture of Factor Analysers 
(MFA)

Note: the MFA model is used in unsupervised learning (e.g. model-based clustering, 
local dimensionality reduction)

Assumptions:
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Experiments

Dataset Classes Features Instances
Breast cancer 
(discovery)

5 754 997

Breast cancer 
(validation) 5 754 995

Avg. 0.654 0.706 0.748
Min. 0.448 0.557 0.575
Max. 0.824 0.927 0.912

IGP is increased at least of 5%! But further analysis is 
required to prove the biological relevance.



Conclusions & Future work

• Proposed model based on MFA for SSL (clustering/classification) 
• Clustering: handling multi-groups per class + problem of cluster assumption 
• Classification: discovered clusters help classification (comparison with  

discriminative approaches) 
• Real-world problem: promising results (future research)
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• Lower bound on the log-likelihood function 
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