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functional connectivity (FC) during resting-state fMRI (rsfMRI)*2:34, However, how much
these experiences contribute to individual variability in rsfMRI FC remains unknown.
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Quantifying how much of the variability is due to state-level effects (e.g., in-scanner
thoughts) will help us better understand what rsfMRI FC represents and explain variance in
clinical applications (i.e., biomarkers). Here, we aim to analyze the relationship between FC

Figure 5. Proportion of
subjects with scans in

and reported in-scanner experiences using rsfMRI data annotated with subjects’ descriptions He same cluster same group (Figure 5).
of their in-scanner thoughts using the Short New York Cognition Questionnaire. i Scans in Group A were associated with externally
N . .
S focused thoughts, and functional connectivity
M ETHODS %_V results showed more connections between
Figure 1. Short New York Cognition Questionnaire Figure 2. Sorted SNYCQ Response Matrix (463x12) Q sensory and attentional networks (Figure 6).
My thoughts were intrusive Surroundings 1| i1 |1 MBI | | : : .
E My thoughts were more specific than vague words 1 |lil [li Il | Hl [ |||||‘ TN Scans in Group B were associated with more
O My thoughts were in the form of words Negative - |if | i ~ L internally focused thoughts, and functional
My thoughts were in the form of images Mysel I ‘ | i “‘ A F| “”| A connectivity results showed more connections
Intrusive
| thought about my present environment / surroundings - Future ! 1l ’|| | R R | between the default mode network and all other
= | thought about other people Past I [ I | 11! networks (Fi ure 6)
€ | thought about myself Specific " ‘ g -

= | thought about past events

O | thought about future events

O | thought about something negative
| thought about something positive

I_
Il ‘ | [l
N”\!’I Ihll ‘\ | HI >’I|
‘ n-egative Matrix

Factorization +
Agglomerative

Positive
Images |

Factor 2

[ LT
poct | |I|||‘H II[\II H
eople
R ’
B8 TN (a)

Subjects complete the SNYCQ immediately upon
completing a resting-state scan>, reporting the content
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Figure 4. Description of Connectome-Based Predictive Modeling? (figure taken directly from Shen et al. 2017



