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www.YeastNet.org

Welcome to the www.YeastNet.org server

Networks: v. 2 ions: Phenotype Prediction

Latest network versions
» YeastNetv.2

‘Yeasthetv. 2is a probabilistic functional gene network of yeast genes,
constructed from ~1.8 million expermental observations from DMA microarrays,
physical protein interactions, genetic interactions, literature, and comparative
genomics methods. In total, YeastiNet v.2 covers 102,803 linkages among
5,483 yeast proteins {95% of the validated proteome)

‘Yeasthet was constructed using a modified Bayesian integration of diverse
data types, with each data type weighted according to how well it links genes
that are known to share functions. Each interaction in Yeasthet has an
assaciated log-likelihoad score (LLS) that measures the probability of an
interaction representing a true functional linkage between two genes

38 1A. Yeastnet web site

About | Help

bioPIXIE (Yeast)

stem for bislogical data intearation and visualzation. It alows you to discover nteraction networks and pathways in which your gena(s
. Enter your gene(s) of interest in the box above to start. You will need to download the Adobe Scalable Vector Graphic (SVG) plugin |
¥ will be prompted if you need it).

38 1B. bioPIXIE web site
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WormNet ‘(K\/)

Probabilistic functional gene network of C. elegans

WormNet v. 1is a probabilistic functional gene network of pratein-encoding genes of C. efegans, constructed
using a modified Bayesian integration of many different data types from several different organisms, with
each data type weighted according to hovewell it inks genes that are known to function together in C.

elsgans. Each interaction in WormNet has an associated log-likelihood score (LLS) that measures the
probability of an interaction representing a true functional linkage betweesn two genes

To search Wormnet please go to the basic search page and enter a gene, or list of genes, in the bax
provided, using ¥Wormbase public or sequence gene names (e.g. dys-1 or F15D3.1). The search will return all
of the genes that are directly connected to an input gene {or set of genes), ranked according to their log-
likelihood scores. The evidence for each interaction is indicated using the codes listed at the bottorn of this
page. WormNlet is built on Wormbase release WS140 gene identifiers

Current network statistics

version # genes # linkages coverage of WB140 protein-coding loci

bt 16,113 (384700  [82%

a8 2. Wormnet web site
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