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KEPACO in a Nutshell

We develop kernel-based machine learning methods for predicting of
structured, non-tabular data arising in biomedicine and digital health,

especially applications on small molecules such as drugs and metabolites.
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KEPACO Mission: Predicting
Structured data

Many data have logical structure, how can we make use of that in
making models faster and more accurate?

In particular, we are interested of predicting structured output
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Example: Predicting Network
Response

| |
Problem:

 To predict the spread of
activation in a complex network,
given an action/stimulus

Dutch get the
championship!
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« Input: post in a social network S )

* Output: subnetwork of friends

who share the post °

,, Aalto University Su, Hongyu, Aristides Gionis, and Juho Rousu. "Structured prediction of
A School of Science network response." Proceedings of the 31st International Conference on
Machine Learning (ICML-14). 2014.



Example: Metabolite identification
through machine learning

 From a set of MS/MS spectra (x = structured input), learn a
model to predict molecular fingerprints (y = multilabel output)

« With predicted fingerprints retrieve candidate molecules from a
large molecular database

« Our CSI:Fingerid (http://Iwww.csi-fingerid.org) tool is the most
accurate metabolite identification tool to date
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Example: Drug Bioactivity
Classification

Data: x = Molecule, y = labeling of a graph of cell lines

Compatibility score F(x,y): how well subset of cell lines go together
with the drug

Co-occurring features: molecular fingerprints vs. subsets of cell lines
Prediction: finding the best scoring labeling of the graph
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Example: Multivariate association
meta-analysis
y (

 Problem: find associations \\ Do |Exv [
btw. groups of SNPs =
(=genotype) and groups of s | B
metabolites (=phenotype) =
+ Meta-analysis setting Fenrase
« Several studies analyzed Canonical Correlation Analysis (CCA)
together -log10(p-value)
« No original data available, only * 1O SNPe 2I0wals
summary statistics of indivudual 50
studies 40

* Our metaCCA tool can recover
multivariate associations
nearly as accurately as if
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original data was available full data CCA
Aalto University Cichonska A, Rousu J, Marttinen P, Kangas AJ, Soininen P, Lehtimaki T,
,, School of Science Raitakari OT, Jarvelin MR, Salomaa V, Ala-Korpela M, Ripatti S. metaCCA: 2102015
Summary statistics-based multivariate meta-analysis of genome-wide o

association studies using canonical correlation analysis. bioRxiv. 2015 Jan
1:022665.



Example:

Biological network

reconstruction

Input genomlc measurements Output: biological network
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Example: Synthetic biology

Tekes Strategic Opening “LiF — Living Factories”, 2014-

« Goal: energy and carbon efficient
industrial processes through
synthetic biology
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