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Summary: 

1. Problem
1.1 Data
1.2 Goal

3. Experiments
  3.1 Qualitative evaluation
  3.2 Quantitative evaluation

2. Proposed solutions:
  2.1 A clustering solution
  2.2 Temporal-Aware Dissimilarity Measure
  2.3 Contiguity Penalty Measure
  2.4 TDCK-Means algorithm
  2.5 Evaluation measures

 4. Conclusion and perspectives

Problem Proposed Solutions Experiments Conclusion
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Weighted averages
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- descriptive coherence of clusters; 
- temporal coherence of clusters;

- continuous segmentation of   
observations belonging to an entity.

variance MDvar
Tvar

Shannon Entropy

Proposal: Correct the Shannon entropy to penalize changes
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Quantitative evaluation

5 algorithms: 3 measures:

- K-Means [MacQueen '67];
- tcK-Means [Lin and Hauptmann '10] 

- Temporal-Driven K-Means;
      (uses Temporal-Aware Measure)
- Constrained K-Means;

 (uses Contiguity Penalty Function)

- TDCK-Means;
(combines the two above)

- MDvar
- Tvar
- ShaP

Problem Proposed Solutions Experiments Conclusion



   

 M-A. Rizoiu, J. Velcin and S. Lallich Structuring Typical Evolutions using Temporal-Driven Constrained Clustering 13

Problem Proposed Solutions Experiments Conclusion



   

 M-A. Rizoiu, J. Velcin and S. Lallich Structuring Typical Evolutions using Temporal-Driven Constrained Clustering 14

3. Experiments
  3.1 Qualitative evaluation
  3.2 Quantitative evaluation

 4. Conclusion and perspectives

Problem Proposed Solutions Experiments Conclusion

Summary: 

1. Problem
1.1 Data
1.2 Goal

2. Proposed solutions:
  2.1 A clustering solution
  2.2 Temporal-Aware Dissimilarity Measure
  2.3 Contiguity Penalty Measure
  2.4 TDCK-Means algorithm
  2.5 Evaluation measures



   

 M-A. Rizoiu, J. Velcin and S. Lallich Structuring Typical Evolutions using Temporal-Driven Constrained Clustering 15

Conclusion:

Problem Proposed Solutions Experiments Conclusion

- Studied the detection of typical evolutions starting from a   
  collection of observations corresponding to entities;

- Proposed a new Temporal-Aware Measure;

- Proposed a new Contiguity Penalty Function;

- Proposed a new algorithm for detecting evolutions:  
TDCK-Means;

- Other applications: political careers, life trajectories etc. 
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- Generating the evolution graph;

- Automatic description of generated evolution phases (clusters);

- Flexible configuring the ration between the descriptive component 
  and the temporal component in the dissimilarity measure. 

Problem Proposed Solutions Experiments Conclusion
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Thank you!

Questions?

Problem Proposed Solutions Experiments Conclusion
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Impact of parameters β and δ

Problem Proposed Solutions Experiments Conclusion
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