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Takeaways
o When subjects perceive the same stimulus while performing a task
related to the stimulus semantics, their recorded brain
activity differs across tasks*
o Not well understood how the task contributes to this brain activity
o We provide a methodology for testing multiple hypotheses
about the interactions between the task and the stimulus semantics
o Incorporating task semantics improves single-trial MEG data

prediction by ~10%, in a question-answering task
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Brain Data

stimulus: concrete noun +
line drawing

task: yes/no question
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Step 2: Define computational
hypotheses about task effects

o H1: no task effect

Stimulus

o H2: task and stimulus have independent effect
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o H3: task changes the way the stimulus is perceived
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Distance from true brain activity

. Step 3: Predict brain

o Model: construct loss function £(x,y),
where the input £ depends on choice of
hypothesis and f(x) is assumed to be a
linear function with parameters

(i.e. fo(x)=0x)

o Model fitting: minimize 5(56, y) in a leave
k-out cross validation setting, leaving out

/
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Step 4: Evaluate predictions
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. \ Evaluating predicted brain hypotheses
Step S: Interpretatlon activity using the 2 vs. 2 metric? s H1 : stimulus only
K i H2.0: stimulus + question identity
: . : Bl H2.1: stimulus + question semantics
Comparlng H1 Vs. H2'1 over tlme \ Bl H3 :stimulus ® guestion semantics

\'\'\ Distance from true brain activity for o Worst: stimulus only model (H1)
every time point after stimulus onset, o Best: interactive model (H3)
—— stimuusonly averaged over MEG sensors that learns how task attends
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Notable differences in performance ~200ms and ~600ms, times when semantics of

stimulus are thought to be processed?, suggest that the task interacts with the processing
of the stimulus semantics.

over the stimulus semantics

Conclusions and Future Work

o We propose a framework that enables the study of task effects on brain activity,
and use it to investigate how question semantics affects brain response during

o We show that incorporating task semantics improves the prediction of single-trial

O

a question-answering task.

MEG data by an average of 10% across subjects.

Future direction: conduct analyses with source-localized MEG data

o Incorporating task semantics
(H2.1) significantly improves
performance, but task identity

only (H2.0) does not.
AN Y

~

0.80 -

0.75 A

©
~
o

2V2 accuracy
o
&

0.60 -

0.55 A

0.50 -

Acknowledgments

References

This material is based upon work supported by the National Science Foundation
Graduate Research Fellowship under Grant No. DGE1745016, and by the Center for
Machine Learning and Health (CMLH) Fellowships in Digital Health.

1. M Kiefer. Perceptual and semantic sources of category-specific effects: Event-related potentials during picture

and word categorization. Memory & Cognition, 29(1):100-116, 2001

2. G Sudre, D Pomerleau, M Paratucci, L Wehbe, A Fyshe, R Salmelin, and T Mitchell "Tracking neural coding of
perceptual and semantic features of concrete nouns." Neurolmage 62.1 (2012): 451-463.

3. T. M. Mitchell, S. V. Shinkareva, A. Carlson, V. L. Malave K. M. Chang, and M. A. Just R. A. Mason. Predicting

human brain activity associated with the meanings

of nouns. Science, 320(5880):1191-1195, 2008.

4. Paivi Helenius, Riitta Salmelin, Elisabet Service, and John F Connolly. Distinct time courses of word and context

comprehension in the left temporal cortex. Brain: a

journal of neurology, 121(6):1133-1142, 1998.



