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PGCM1 : progesterone receptor membrane 1
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Small molecule modulator of sigma 2 receptor is
neuroprotective and reduces cognitive deficits and
neuroinflammation in experimental models of
Alzheimer's disease
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Alzheimer’s Therapeutics Targeting Amyloid Beta 1-42
Oligomers II: Sigma-2/PGRMC1 Receptors Mediate Abeta q{
42 Oligomer Binding and Synaptotoxicity
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the Proteolytic Processing of the
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