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Src homology 2 (SH2) domains are structurally conserved protein domains, found in many intracellular
signal-transducing proteins. Phosphorylation of tyrosine residues by tyrosine kinases is an important
part of signal transduction. SH2 domains are the largest family of peptide recog-
nition modules (PRMs) that recognize phosphotyrosine containing peptides.
Hence, these domains have a vital role in cellular signaling by mediating the cor- .
rect formation of protein complexes. Around 120 SH2 domains have been identi- Resu |tS.
fied in 110 human proteins and each SH2 domain binds with a specific subset of
peptides. Therefore, peptide motif recognition by specific SH2 domains is im- . .
portant for understanding its biological function. Currently only a few programs 4 Making Training and Test sets 4 Result and comparison with other tool on the
have been published for the prediction of the SH2-peptide interactions but test-set.

most of them are based on position specific weight matrices (PWMs) which ignore modeling the de-
pendencies between the amino acids. Furthermore, these tools either don’t model for all human SH2
domains or/and are not publically available. In the current study we are developing a machine learn-
ing approach for prediction of SH2-peptide interactions for 51 human SH2 domains, which shall be
made publically available.

The non-redundant dataset is partitioned The models have been tested on the respective test-sets.
into 2 parts. 75% data for training set and There were 51 models for each SH2 domains and then we
25% data for test set and we repeated the compared the performance with the other tools.

process 10 times.
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4 The data are taken from microarray experiments and peptide array library ” " ROC: PR:
: , ‘ SVM- 0.90 SVM- 0.96

4 Microarray Data: 4 Peptide Array Library Data: SMALI- 0.73 SMALI- 0.89
Dataset I: Dataset IlI: Dataset lllI: “. Energy model- 0.63 Energy model- 0.81
SH2 domainS: 51 SH2 domainS: 46 SH2 domains: 51 Figs: The ROC curves and PR for the test set (25%).
Peptides: 20 Peptides: 41 Peptides: 906

Possible interactions 51 X 20 =1020 Ppossible interactions 46 X 41 = 1886 Posijtive interactions: 7395
Unknown interactions: 38811

Positive interactions: 81 Positive interactions: 189 Viiller et al. Sei Sianal. 2003
Negative interactions: 1020 - 81 =939 Negative interactions: 1886 - 189 = 1697 S e
Jones et al. Nature, 2006 Alexis et al. Mol. BioSyst., 2008 ‘
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Positive interactions: 81 + 189 + 7395 = 7665
Negative interactions: 939 + 1697 = 2636
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Comparison with other tools on in-vivo data

4 Our tool has been compared with SMALI on reliable PhosphoELM data, which clearly showed that
our tool has higher accuracy.
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7 1 Fig: PDB structure of a SH2-peptide complex and the
S iy INISEAEHORMaP- (zeha at aks HAKR, 2909) Research has shown that the similar domains interact with similar substrates
e e but dissimilar domains don’t necessarily have dissimilar specificities. Here, we
created a model for predicting the binding partners of 51 human SH2 domains

4 Important amino acids in peptides:
Research has shown the neighbor residues ( -2 to +4 ) of the pY, are the most important for
domain-peptide binding specificities. Therefore.

4 Total features: 20 x 7 = 140

based on amino acids position on the respective phospho-peptides. The tool is
easy to use and significantly fast.

Fig: Dendrogram of the Human Complement of
SH2 Domains. (Bernard et al., Mol. Cell, 2006)

B BIOSS is the Cluster of Excellence of

Foundation (DFG)

Albert-Ludwigs-University Freiburg.
Funded by the German Research

FG




