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Our Approach

Semi-supervised learning

— encode location analysis and GO as soft
pair-wise constraints

— clustering with constraints (Lu and Leen,
20095, Lange et al., 2005)
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Clustering with Constraints
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Clustering with Constraints
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Clustering with Constraints

|dea:penalize the complete log likelihood

XP 2, 2, W Iy %y} A

I J#

where Y are the cluster assignments and W * the positive
pair-wise constraints [Lange et al., 2005].

' DR =] RO PR W DS D DT o S S DT | - = S T I S |



Soft pair-wise Constraints
Location Analysis

W= 0.5 Wipg=00  Wie=1.0

B 7 1
1 W, P ] P D | Y DN PO P o YR B | U [ B PR o o b s s o nmonm § oon oon B



Experiments
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Data

* (Gene expression data

— time-courses of 384 genes during mitotic cell
division in Yeast (Cho, 1998)

— expert classification into ‘five’ cell-cycle phases
— modeled with diagonal multivariate Gaussian

« Constraints
— true labels
— transcription factor location analysis (Lee, 2002)
— Gene Ontology (not shown)
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Constraints from True Labels

Real Labels - Positive Constraints Real Labels - Negative Constraints Real Labels - Pos. and Neg. Constraints
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Constraints from
Location Analysis

TR - Positive Constraints TR - Negative Constraints TR - Pos. and Neg. Constraints

06
\_‘_“-—---_._________,.

0.5¥_

03

0.2

15

1
lambda+ = lambda-

—— corrected Rand 40% of gene
—— specificity pairs constrained

—— sensitivity

AT and A~ - constraints weight

S DR ] PRGOS PR W DG T DT o Py S s LI - = e T I S |



Possible Explanations

* Noise in the data
* Non-specific information content
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Constraints from True
and Random Labels

Real and Random Labels
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Filtered Constraints
from Location Data

Non-filtered Filtered

TR - Pos. and Neg. Constraints TR Filtered - Pos. and Neg. Constraints
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Conclusions

« Method works with few ‘true’ constraints

— <1% high quality biological annotation yield similar
results [Schliep, 2004]

* Insignificant performance gain is obtained
with biological constraints

— high A*/ A~ deteriorate greatly the results

* Enriched transcription factors (filtered
Location Data) did not yield significant
Improvement
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Thanks.

http://algorithmics.molgen.mpg.de
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