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DEC1 DEC1 NN B-NP B-protein
and and CcC I-NP 0
DEC2 DEC2 NN I-NP B-protein
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Words) A+ Hir & fa+ e & (Seed Tuple)
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‘We show that SRA potentiates the estrogen
induced transcriptional activity of both ERalpha
and ERbeta

‘We demonstrate that the transcriptional activity
of ERalpha can be enhanced by SRA in a ligand
independent manner through the AF-1 domain

Tuple(TF, TGene)
Seed Tuple(SRA,ER)

Tuple;(p300, ER)
Tuple,(DRIP150, GR) We show that SRA potentiates the estrogen
induced transcriptional activity of both ERalpha
and ERbeta.

We demonstrate that the transcriptional activity
of ERalpha can be enhanced by SRA in a ligand
independent manner through the AF-1 domain

Whereas p300 potentiates the AF-1
function of both human ERalpha and
human ERbeta.

In yeastand mammalian cells, TSG101
represses whereas DRIP150 enhances
GR AF-1 mediated transactivation.

Pattern: potentiate
Pattern:enhance
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We have now found that the transcriptional
coactivator p300 associates with agonist bound
ER and augments ligand-dependent activation by
ER

Tuple;(p300, ER)
Tuple;(DRIP150, GR)

TSG101 and DRIP150 have been reported to
interact with GR AF-1 and regulate GR function
in a reciprocal manner.

Tuple,(GRIP1, Left)

Tuple;(BRCAT, p53) We have now found that the transcriptional

coactivator p300 associates with agonist bound
ER and augments ligand-dependent activation
by ER.

TSG101 and DRIP150 have been reported to
interact with GR AF-1 and regulate GR function
in a reciprocal manner.

The ability of GRIP1 to associate with
and functionas a ¢oactivatorforLef1is
entirely dependenton the presence of -
catenin.

BRCA1 alsois known to interact with the
p53 via two interaction sites.
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