How conscious in-scanner thoughts modulate functional connectivity during resting-state fMRI
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- Connections between the default mode network and sensory networks were positively
correlated with Factor 1 scores, and connections within the visual network were negatively
correlated with Factor 1 scores (among other connections) (Figure 7b).

- Connections between sensory and attentional networks were positively correlated with
Factor 2 scores, and connections between sensory, attentional, and default mode networks
were negatively correlated with Factor 2 scores (among other connections) (Figure 8b).

Factorf stronger connectivity between sensory and attentional

networks (Figure 6).

- Scans in Group B, which were more strongly
associated with internally focused thoughts, showed
stronger connectivity between the default mode
network and most other networks (Figure 6).
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_ CONCLUSIONS

« Subjects systematically engage in similar thought patterns across several resting-state sessions.

For each subject,
sum selected edges
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-igure 4. Description of Connectome-Based Predictive Modeling®

- Significant differences in FC can be found by segregating scans in terms of thought patterns.

- The role of ongoing thought in tMRI must be better understood in order to properly interpret resting
state connectivity.
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