Event-related fMRI during slow decision making can reveal temporal structure in neural activity
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ehavioral method that successfully slows average human response times into the 8-15 secon separated by 30 sec rest period :

range. In this range, different temporal profiles of neural activity over the course of individual de- \
cisions (such as boxcars, and linear ramps) can in principle be distinguished, and can therefore
shed light on which areas have ramping firing rates. We accomplished this slowing by imposing
stiff penalties for errors in a two-alternative forced choice, dot-motion discrimination task. Theo- _
retical work examining optimal performance in such tasks predicted that subjects should imple- ~_ ,\
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mant a drift-diffusion model to make decisions, and that penalties should induce subjects to in-
crease the model’s response thresholds (to favor accuracy) and thereby slow performance. This | |
was confirmed behaviorally. Using this behavioral method with fMRI can benefit both traditional 0 5 10 15 20 25 30

and multi-variate pattern analysis (MVPA) methods by accentuating the difference between other- Response Time (seconds) |
wise correlated, model-based predictors, as well as leveraging the subtraction method of Ho, S ESZZEIZESV“
Brown & Serences (2009). A parallel EEG experiment suggests that the same task design can be error-high
speeded up to help discern neural correlates of the same decision making model components I Z::g;;;ow
that were used as the inputs to the BOLD convolution in our fMRI task. These results lay the button press
groundwork for future, simultaneous EEG/fMRI experiments that may help to better understand

the temporal dynamics of decision making over a wide range of response times.
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Integrator unit activations Integrator unit phase plane
In addition to bilateral IFG/insula and caudate shown in this
slice, there was also significant ramp-associated activation

Leveraging the methOd Of HO, Brown & Serences (2009) in the bilateral cerebellum, bilateral premotor cortex, and the

-SMA. (Nothing i ietal ipital cortex.
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—error Predicted BOLD response to stick functions (blue), boxcars (red), & ramps (green) of decision making appears to be observable in both fMRI and EEG data, when behavioral re-
- sponse times are calibrated to the temporal resolution of each method.
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