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Rotate, T3 & T8: Elbow-Flex, T4 & T9: Shoulder-Flex, T5
& T10: Shoulder-Rotate. T1 -- T5:
Heavy weight. Conditions replicate [1].

Experiment stimuli. Rest: subject relaxes (duration
randomized); Adjust: subject positions arm, grasps
appropriate weigh, and assumes zero-position; Plan: subject

prediction accuracies using 6-fold
cross validation. Features are
concatenated time series as in [2].

Using two classic motor paradigms
—Ilimb motions and manipulation
forces—we found that motor BOLD
responses for different imb motions
are more discriminable than those

Light weight, T6 -- T10: Accuracy vs. Reliability. Voxels drawn from a 1000-voxel-window for

decreasing R2. All subjects and task groups display exponential decrease
in accuracy with voxel rank.
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binary classification tasks. Binary classifications are assigned 5
to groups. GO: All unweighted, GI1: All weighted, G3:
Weighted vs. unweighted with similar motion, G2: Cross-
motion and weight condition.

Number of time points

Subjects: 2 male, 1 female. 21-30 .
All right handed. Consent obtained
in advance on IRB protocol.

Grid search over feature space. Uses a time interval starting at t=0,
and voxel interval starting at highest R? rank. Peak accuracy requires

(TR, BL, BR) Confusion matrices. Indicating cross- approx. 0 to 12 -14sec of time-series and a few hundred voxels. Scanner: GE Discovery MR750.
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Classifier performance by group. Median distribution of all
binary pairs within each group. 50 out of the 500 most
reliable voxels (high R2) were selected at random. Group 3
displays significantly lower performance (95% median C.1.).

Optimal time window. A 5-sec moving time window over BOLD
responses suggest that 7.5--12.5sec (late-stage) dynamics capture inter-
task differences.

Analyzed Brain Regions. Our analysis
used motor and somatosensory cortex
voxels with reliable BOLD responses.



