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Resting-state fMRI: 30s Primer

“Iry not to move, remain awake and let your mind
wander freely”

ik ‘ ot Amenable to all populations Correlational / Network Analytical Tools
yﬁ Easy to acquire and share Hard to interpret (e.g., cognitive processes)
7 J Explore several systems

Baseline > Dynamics - “Not all rest is made equal’




Resting-state fMRI: Relevance | Adoption
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Resting-state: What is it? What processes drive these
observations?
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Unconscious Processes

Memory Consolidation
Lewis et al. (2009) PNAS, Laumann & Snyder (2021) Cur Op Bio Sci

Non-Conscious
Component

i Conscious
Component

Lower limb
discomfort and
repositioning

#

Hand discomfort
«  and repositioning

RESTING-STATE
ONGOING EXPERIENCE

Homeostatic Processes

Marder & Goaillard (2006) Nat Rev. Neuroscience X

WHAT IS THE RELATIONSHIP BETWEEN THESE TWO?
BQ %

Fluctu atl ons | n Vlg ilance Gonzalez-Castillo et al, J of Neuroscience (2021)

Liu X et al. (2018) Nat. Comms., Laumann & Snyder (2021),
Gonzalez-Castillo et al. (2021) Neurolmage

Interoceptive Monitoring
Choe et al. (2021) PLoS One

Time-Varying
Functional
Connectivity

Internal Model Optimization

Pezzulo et al. (2021) Trends Cog Science
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RESTING-STATE NEUROIMAGING DATA
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Should we consider experience when interpreting resting-state?

Population Differences Framework

fMRI
Data 4 This work: Healthy Population A
In-Scanner In-Scanner
Experience Type A Experience Type B
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Q1 I Do subjects tend to be in the same mental state when asked to rest?

Q2 I Can we detect differences in FC if we group scans according to thought pattern?

6 Gonzalez-Castillo et al. Nature Comms (In Press)



Should we consider experience when interpreting resting-state?

Predictive Framework

fMRI @ Aspects of In- D
Data (RN . : s oo 5 oo & b s @ @R 8 8 EE § B WAV 8 Fc Scanner
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Q1 I Do subjects tend to be in the same mental state when asked to rest?
Q2 I Can we detect differences in FC if we group scans according to thought pattern?
Q3 I Can we predict characteristics of ongoing thought based on FC measures?

Q4 I Are these observations driven by other underlying phenotypes?
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Max Plack Institut — Mind-Brain-Body Dataset

Neuroimaging Data
175 Subjects

1 -4 rs-fMRI scans (Eyes Open)

15 min rs-fMRI

TR=1.4s | 2.3mm3 | 3T

\

471 Scans from 133 subjects passed QA

# Basic Demographics Data
Age Range (5 year intervals) & Gender

©
©
E

.1l Phenotype Data

GREB

» Personality / Habitation Behaviors (21)
» Mind Wandering / Mindfulness (4)

» Synesthesia (1)

» Cognitive Controls / Sustained Att. (1)
* Creativity (4)

ooooo

o Multi-Dimension Experience Sampling Reports

~N

My thoughts were intrusive 0..100
E My thoughts were more specific than vague 0..100
E My thoughts were in the form of words 0..100
| My thoughts were in the form of images 0.. 100)
| thought about my environment / surrounding 0..100
— | thought about other people 0..100
E | thought about myself 0..100
E | thought about past events 0..100
@) | thought about future events 0..100
~ | thought about something negative 0..100
\ | thought about something positive 0.. 100/
VIGILANCE | was completely awake 0..100

Mendes et al. Scientific Reports (2019)



Experiential Data
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MDES Data
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MDES Data
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MDES Data
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Q1 | Do subjects tend to be in the same mental state when asked to rest?

13

Repeated Set Membership
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QZ | Can we detect differences in FC if we group scans according to thought pattern?

NBS | 5000 Pemutations
Edge-Level Threshold (T=3.1; p <0.001)
Network-Level Threshold (p<0.05)
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Q3 | Can we predict characteristics of ongoing thought based on FC measures?
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Apply model to novel subjects

100 Iterations
* K-Fold Split (k=10)
* Considering subject ID

10,000 Permutations

Shen et al. Nature Protocols (2017), Wu E. et al. Neurolmage (2020)

e Wakefulness
* SNYCQ Summary Factors
e SNYCQ Individual Items

e Confounds: Motion
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Q3 | Can we predict characteristics of ongoing thought based on FC measures?

. Wakefulness
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Q3 | Can we predict characteristics of ongoing thought based on FC measures?

* p<005 | *%k p<001 | *kk p< 1e3 | ok kk p <1e4
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Prediction Accuracy: R(Observed,Predicted)
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ing thought based on FC measures?
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Q3

Prediction Accuracy: R(Observed,Predicted)
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Can we predict characteristics of ongoing thought based on FC measures?
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Dataset: additional behavioral data

SCIENTIFIC D AT Al |[Abheiton | 2essrtont Mrsrers E 31 Behavioral Surveys

0111¢
Personality and Habitual Behaviors

* Personality / Habitation Behaviors (21)

OFEN' Data Descriptor: A functional AMAS Abbreviated Math Anxiety Scale’ 145 X } X
connectome phenotyping dataset . . — * Mind Wandering / Mindfulness (4)
. . e ASR Adult Self Report adapted from 213 .
including cognitive state and * Synesthesia (1)
4 _pla-16 " .
______ personality measures . Beck Depression Inventar-II 210 « Cognitive Controls / Sustained Att. (1)
ser 2015 | Ntacha Mendes?, Sabine Oligschlager'*”, Mark E. Lauckner’, Johannes Golchert’, . . X e . 7 -
DRI iy i wiide i, | TSRAS Behavioral Inhibition and Approach System™™ ™ | 263 « Creativity (4)

Jared Pool?, Laura Golz**, Maria Dreyer’, Philipp Haueis™?, Rebecca Jost’,

Velyzaveta Kramarenko?, Haakon Engen'’, Katharina Ohmberger™”, Krzysztof BCQ Body Consciousness Questionnaire®! 79
J. Gorgolewski'’, N;;olas Farrugia’®, Anahit Babayan’, Andrea Reiter’**, H. Lina Schaare®™”’, ‘ - -
Janis Reinelt’, Josefin Robbig’, Marie Uhlig™”, Miray Erbey’, Michael Gaebler’,
T T i A S e PO ——— o~ 51 Behavioral Metrics
SCS Brief Self-Control Scale™*! 214 . Ava”ab'e in at |east 70(%)
N . . D t ESS Epworth Sleepiness Scale™*® 210
euroimagin atla
ging o MSSRAG CATEGORY | SURVEY | #METRIGG | SURVEY NAME
Gold-MSI Goldsmiths Musical So AMAS 1 Abbreviated Math Anxiety Scale
- - - BDI 1 Beck Depression Inventory I
= HADS Hospital Anxiety and I BISBAS 2 Behavioral Inhibition and Approach System
0o 7 . IAT Internet Addiction Tes! BPS 1 Boredom Proneness Scale
= Demographic Data . SCs 1 Brief Self-Control Scale
() IMIS Involuntary Musical In ESS 1 Epworth Sleepiness Scale
MPU Mobile Phone Usage GoldMSI 2 Goldsmiths Musical Sophistication Index
HADS 2 Hospital Anxiety and Depression Scale
MGIQ Multi-Gender Identity ':-IE::I?I'TJ?\#II-I-OYN/ IAT 1 Internet Addition Test
S | t t. D t MMI Multimedia Multitaskir [T o IMIS 4 Involuntary Musical Imagery Scale
0 nirospective Vata MPU 19 Mobile Phone Usage
NEO PI-R NEO Personality Inven MNI 1 Multimedia Multitasking Index
NEO 5 NEO Personality Inventory (Revised)

PSSI Personality Style and T = =
PSSI 14 Personality Style and Disorder Inventory

SE Self-Esteem Scale™ SE 1 Self-Esteem Scale
- X T SDS 1 Social Desirability Scale
S Short Dark Triad TPS 1 Tuckman Procrastination Scale
SDS Social Desirability Scale UPPS 5 Impulsive Behavior Scale
— — — SDMW 5 Spontaneous  and Deliberate ~ Mind-
I'PS Tuckman Procrastinati Wandering
UPPS-P UPPS-P Impulsive Beh visQ 4 Varieties of Inner Speech Questionnaire
20 1 Attention Control Scale

COGNITIVE ACS
CONTROL



Influence of trait-level phenotypes in group differences
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Hospital Anxiety and Depression Scale

(HADS)

‘measures the severity of depression (D) and anxiety (A)
related symptoms for the week prior to completion and
can be used to assess subclinical tendencies of

depression and anxiety.”

Gonzalez-Castillo et al. Nature Comms (In Press)
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Conclusions

In-scanner subjective experience meaningfully shapes resting-state functional connectivity

« Systematic differences in experience produced widespread FC differences, even when
healthy groups were similar in motion, wakefulness, age, and gender.

* FC could significantly predict several experiential measures beyond wakefulness, including
both latent thought-pattern dimensions, and specific items such as images and surroundings.

« Observations could not be explained by correlations to other trait-level phenotypes.

Practical implication: rs-fMRI studies should collect, at least, brief post-scan experiential reports

« Characterizing the in-scanner experience may explain some currently unexplained variance in rs-
fMRI and improve biomarker interpretation.

* Adds minimal cost relative to that of an rs-fMRI scan.

« Enhances the research value of rs-fMRI scans by enabling investigations of other aspects of
spontaneous thought.
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Future work / Open Questions

RS-fMRI with
in-the-moment

self reports




Future work / Open Questions
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Reciprocal Causation Problem
‘%’ . : s
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