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 The images appeared as white-on-black
line drawings with no shading or texture.

* Images appeared for 750 ms (9 object
experiment) or 200 ms (54 object experi-
ment) with an 8 second ISI. One image ap-
peared on each trial.

 MRI| parameters: whole-brain scan of
2x2x2 mm voxels (9 object) or 2x2x2.5 mm
voxels (54 object), 31 slices, TR =2 s.
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