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Agenda

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

Historical overview of the field of resting-state fMRI
Review nature

The history and future of resting-state
functional magnetic resonanceimaging

https://doi.org/10.1038/541586-025-08953-9  Bharat B. Biswal"?™ & Lucina Q. Uddin®***

 Basic description of analytical methods

* Emphasis on what rs-fMRI has taught us about
functional organizational principles of the brain

* Opendebates/challenges
e Static vs. Dynamic
* Interpretation

This lecture will not discuss:

* Pre-processing of resting-state data
—> AFNI Bootcamp Lectures

* Functional connectivity methodology
- Josh’s lecture next week
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connectivity Nature
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Functional Connectivity in the Motor Cortex of Resting
Human Brain Using Echo-Planar MRI

Bharat Biswal, F. Zerrin Yetkin, Victor M. Haughton, James S. Hyde

“This report demonstrates that
functionally related brain regions
exhibit correlation of low
frequency fluctuations in the
resting state... It is concluded that
low frequency fluctuation of
blood flow and oxygenation is
indeed a neurophysiological
index.”

Biswaletal. (1995) MRM

Bilateral Finger Movement Resting Brain
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“unconstrained brain activity can be understood as a ‘default mode of brain function’ that is temporarily suspended during goal

directed behaviors.”

Minimum
Decrease

Maximum

&
o J
N ) B OM 2 Decrease
) G

Fig. 1. Regions of the brain regularly observed to decrease their activity during attention demanding cognitive tasks. These data represent a metaanalysis of
nine functional brain imaging studies performed with PET and analyzed by Shulman and colleagues (49). In each of the studies included, the subjects processed
a particular visual image in the task state and viewed it passively in the control state. One hundred thirty-two individuals contributed to the data in these images.
These decreases appear to be largely task independent. The images are oriented with the anterior at the top and the left side to the reader’s left. The numbers
beneath each image represent the millimeters above or below a transverse plane running through the anterior and posterior commissures (26).

Raichle etal. (2001) PNAS
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“In summary, we have provided compelling evidence for the existence of a default mode network in the resting state.

Greicius et al. (2003) PNAS
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“In summary, we have provided compelling evidence for the existence of a default mode network in the resting state. We have
also shown that this network is minimally disrupted during a visual processing task...”

Greicius et al. (2003) PNAS
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“In summary, we have provided compelling evidence for the existence of a default mode network in the resting state. We have

also shown that this network is minimally disrupted during a visual processing task... Although the precise mental processes
supported by the default mode network remain to be elucidated, we suggest that the retrieval and manipulation of episodic

memories and semantic knowledge are likely candidates”

Greicius et al. (2003) PNAS
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“We conclude that the full
repertoire of functional networks
utilized by the brain in action is
continuously and dynamically
“active’’ even when at “rest.”

Fig. 1. Ten well-matched pairs of networks from the 20-component analysis of the 29,67 1-subject BrainMap activation database and (a completely separate
analysis of) the 36-subject resting FMRI dataset. This figure shows the 3 most informative orthogonal slices for each pair. (Left column of each pair) Resting FMRI
data, shown superimposed on the mean FMRIimage from all subjects. (Right column of each pair) Corresponding network from BrainMap, shown superimposed
on the MNI152 standard space template image. The networks were paired automatically by using spatial cross-correlation, with mean r = 0.53 (0.25:0.79); the
weakest of these correlations thus has a significance of P < 10 > (corrected). All ICA spatial maps were converted to z statistic images via a normalized

mixture-model fit, and then thresholded at Z = 3.

Smith et al. (2009) PNAS
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initiatives begin

"

discovery science has eluded the functional neuroimaging community. The core challenge remains the
development of common paradigms for interrogating the myriad functional systems in the brain without the
constraints of a priori hypotheses. Resting-state functional MRI (R-fMRI) constitutes a candidate approach capable of
addressing this challenge. Imaging the brain during rest reveals large-amplitude spontaneous low-frequency (<0.1
Hz) fluctuations in the fMRI signal that are temporally correlated across functionally related areas. Referred to as
functional connectivity, these correlations yield detailed maps of complex neural systems, collectively constituting an
individual's “functional connectome.” Reproducibility across datasets and individuals suggests the functional
connectome has a common architecture, yet each individual's functional connectome exhibits unique features, with
stable, meaningful interindividual differences in connectivity patterns and strengths....” Biswal et al. (2010) PNAS

biobank’ &

Enabling scientific discoveries that improve human health

Miller et al. (2016) Nature Neurosc.
HUMAN cmc AN
CONNECTOME »

PROJECT

Smith et al. (2013) Neurolmage Taylor et al. (2017) Neurolmage

Adolescent Brain Cognitive Development®
Teen Brains. Today's Science. Brighter Future.

Casey et al. (2018) Dev Cog Neurosc.

Smith et al. (2009) PNAS
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initiatives begin
Large, open datasets with MRI data.
Healthy, Young Adult Datasets
Number of Age Task Diffusion Field Data Use Signing
Dataset Website Participants Range Multisite Longitudinal Tlw T2w rs-fMRI fMRI MRI Strength ~ Agreement Official
HCP Young Adult https://www.humanconnectome. 1,200 22-35 Yes No X X X X X 3T, 7T Yes No
org/study/hcp-young-adult
Amsterdam Open https://nilab-uva.github.io/ 928 19-26 No No X No X X X 3T No No
MRI Collection AOMIC.github.io/
Brain Genomics https://dataverse.harvard.edu/ 1,570 18-36 No No X No X No No 3T Yes No
Superstruct Project dataverse/GSP
Southwest http://fcon_1000.projects.nitrc.org/indi/ 595 17-27 No Yes X No X No No 3T No No
University retro/southwestuni_giu_index.html
Longitudinal
ging Multimodal
Lifespan Datasets
Number of Age Task Diffusion  Field Data Use Signing
Dataset Website Participants Range Multisite Longitudinal Tiw T2w rs-fMRI  fMRI MRI Strength  Agreement Official
UK Biobank https://www.ukbiobank.ac.uk 40,000+ 40-69 Yes Yes X X X X X 3T Yes Yes
ABCD Study https://abcdstudy.org 11,878 9-10 Yes Yes X X X X X 3T Yes Yes
HCP-Aging https://www.humanconnectome.org/ 1,200 36-100 Yes Yes X X X X X 3T Yes Yes
study/hcp-lifespan-aging
HCP in Development  https://www.humanconnectome.org/ 1,350 5-21 Yes Yes X X X X X 3T Yes Yes
study/hcp-lifespan-development
Baby Connectome https://www.humanconnectome.org/ 500 0-5 Yes Yes X X X X X 3T Yes Yes
Project study/lifespan-baby-connectome-project
Developing HCP https://www.humanconnectome.org/ 1,500 20-44 Yes Yes X X X No X 3T Yes Yes
study/lifespan-developing-human- weeks
connectome-project
CamCAN https://www.cam-can.org ~650 18-87 No No X X X X X 3T Yes No
OASIS-3 https://www.oasis-brains.org 1,098 42-95 No Yes X X X No X 1.5T, 3T Yes No
Dense Sampling and Datasets Featuring Many Tasks and Experimental Measures
Number of Age Task Diffusion  Field Data Use Signing
Dataset Website Participants Range Multisite ~ Scan Sessions  Tlw T2w rs-fMRI  fMRI MRI Strength Agreement  Official
MyConnectome http://myconnectome.org 1 45 No 104 sessions X X X X X 3T No No
Midnight Scan Club ~ https://openneuro.org/ 10 24-34 No 12 X X X X No 3T No No
datasets/ds000224/versions/1.0.3 sessions/ppt
StudyForrest https://www.studyforrest.org 36 21-38 Yes varies X X X X X 3T, 7T No No
Natural Scenes http://naturalscenesdataset.org 8 19-32 No 30-40 X X X X X 3T, 7T Yes No
Dataset sessions/ppt
BOLD5000 https://bold5000.github.io/ 4 24-27 No 10-16 X X No X X 3T No No
sessions/ppt
"Narratives" https://openneuro.org/datasets/ 345 18-53 No 2-3/ppt X X No X No 3T No No
Collection ds002345/versions/1.1.4
Individual Brain https://project.inria. 12 26-40 No 5 sessions/ppt X X No X X 3T No No
Charting fr/IBC/
Courtois NeuroMod https://www.cneuromod.ca 6 No weekly for 5 X X X X X 3T Yes Yes
unknown years

Laird et al. (2021) Neurolmage
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Beckmann et al. (2005) Phil. Trans. B Klein et al. (2012) Front. Neurosc.

Fanetal. (2016) Cerebral Cortex Gordon et al. (2016) Cerebral Cortex

Schaefer et al. (2018) Cerebral Cortex Yanetal. (2023) Neurolmage
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| data sharing

initiatives begin

“Information processing in the cerebral cortex involves interactions among distributed areas... In this study the organization of networks in the
human cerebrum was explored using resting-state functional connectivity MRI. Data from 1,000 subjects ... A clustering approach was
employed to identify and replicate networks of functionally coupled regions across the cerebral cortex. The results revealed local networks
confined to sensory and motor cortices as well as distributed networks of association regions...”
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(C) Network Correspondence (Dice Overlap)
» Compute Dice overlap between reference atlas and other atlas. + Compute Dice overlap between input data and all networks.
» Perform spin test to test the significance of Dice overlap. « Perform spin test to test the significance of Dice overlap.
(C) Network Correspondence Summary (D) Network Correspondence Summary
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Most Variable Connections correspond primarily inter-
network, inter-hemispheric connections involving the fronto-
parietal network and occipital regions. Also some DMN
regions.

Mostly symmetric, inter-hemispheric connections between homologous L/R regions.
Only account for 32% of intra-network connections > Networks are flexible

Unimodal sensory-motor networks (VIS, AUD and MV) seem to be among the most stable.

Gonzalez-Castillo et al. (2014) Frontiers Neurosc.
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Dynamic FC is reduced as consciousness levels decrease
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 “Under anesthesia, the more frequent functional connectivity patterns inherit
the structure of anatomical connectivity, exhibit fewer small-world properties,
and lack negative correlations”

 “Wakefulness is characterized by the sequential exploration of a richer
repertoire of functional configurations, often dissimilar to anatomical structure,
and comprising positive and negative correlations among brain regions”

e “Rich functional dynamics might constitute a signature of consciousness”

Barttfeld et al. (2015) PNAS
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Neurolmage 80 (2013) 360-378

Contents lists available at SciVerse ScienceDirect

Neurolmage

journal homepage: www.elsevier.com/locate/ynimg

2013

Dynamic functional connectivity: Promise, issues, and interpretations ®cTossMark

R. Matthew Hutchison **'!, Thilo Womelsdorf®, Elena A. Allen “¢, Peter A. Bandettini ¢, Vince D. Calhoun ¢,
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“..brain functional organization varies between individuals. Here we establish that this individual variability is both robust and
reliable, using data from the Human Connectome Project to demonstrate that functional connectivity profiles act as a
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“In rs-fMRI, hemodynamic fluctuations have been found to exhibit patterns of bilateral synchrony... However, the relationship between resting-
state hemodynamics and underlying neural activity has not been well established, making the neural underpinnings of FC networks

unclear”
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Article Brain-wide associations

Reproducible brain-wide association studies
require thousands ofindividuals

“..Aprimary challenge [for MRI] has been replicating associations between inter-individual differences in brain

structure or function and complex cognitive or mental health phenotypes (brain-wide association studies (BWAS)). Such BWAS
have typically relied on [samples ~ 25 subjects]... potentially too small [samples] for capturing reproducible brain— behavioural
phenotype associations. Here we used three of the largest neuroimaging datasets currently available—with a total sample size
of around 50,000 individuals—to quantify BWAS effect sizes and reproducibility as a function of sample size.”

“BWAS associations were smaller than previously thought, qultlngln stat|§t|callyunderpowered studies, inflated effect sizes

nd replication failur ttypical sample sizes. A mpl rew into the thou replication rat h to improv
and effect size inflation decreased. More robust BWAS effects were detected for functlonal MRI (versus structural), cognitive
. . . . . . 9
tests (versus mental health questionnaires) and multivariate methods (versus univariate).
Function: RSFC a False negatives (type 2) b Inflation (type M) c Sign error (type S)
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d d " Statistical power e " Probability of replication f " False positives (type 1)
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g g
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Brain-wide associations

Brain-behavior correlations: Two paths toward
reliability

Caterina Gratton,’.%* Steven M. Nelson,®“ and Evan M. Gordon®

'Department of Psychology, Northwestern University, Evanston, IL, USA

2Department of Neurology, Northwestern University, Evanston, IL, USA

3Department of Pediatrics, University of Minnesota, Minneapolis, MN, USA

4Masonic Institute for the Developing Brain, University of Minnesota, Minneapolis, MN, USA
5Department of Radiology, Washington University School of Medicine, St. Louis, MO, USA
*Correspondence: caterina.gratton@gmail.com
https://doi.org/10.1016/j.neuron.2022.04.018

How to establish robust brain-behavior
relationships without thousands of individuals

Can studying individual differences in brain structure and function reveal individual differences in behavior?
Analyses of MRI data from nearly 50,000 individuals may suggest that the possibility is fleeting. Although sample
size is important for brain-based prediction, researchers can take other steps to build better biomarkers. These
include testing model generalizability across people, datasets, and time points and maximizing model robustness
by optimizing brain data acquisition, behavioral measures, and prediction approaches.

In a recent issue of Nature, Marek et al. (2022) demonstrate that cross-sectional brain-behavior correlations
are often small and unreliable without large samples. This observation pushes human neuroscience toward
study designs that either maximize sample sizes to detect small effects or maximize effect sizes using
focused investigations.

Monica D. Rosenberg and Emily S. Finn (2022) Nature Neuroscience

Focused Studies
(Small N, maximize signal and minimize noise)

Consortium Studies
(N>1000 sampling the general population)

Deeply characterize brain
function/anatomy and behavior to
understand brain-behavior links
within people

Measure population-level variation
in brain function/anatomy and
behavior to understand cross-
sectional brain-behavior links

Findings inform us about
effects in individuals.

Findings inform us about
population tendencies.

Useful for guiding social policy Useful for guiding clinical care

Gratton et al. (2022) Neuron
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Brain-wide associations

Interpretational Challenge: what is the functional role of the spontaneous activity that we measure during resting-state fMRI?

2 Unconscious Processes

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

Homeostatic Processes

Marder & Goaillard (2006) Nat Rev. Neuroscience

Interoceptive Monitoring

Choe et al. (2021) PLoS One

Internal Model Optimization

Pezzulo et al. (2021) Trends Cog Science

Fluctuations in Vigilance

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

M,

“at rest.”
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Wandering Minds:
The Default Network and
Stimulus-Independent Thought

Malia F. Mason,'*$ Michael I. Norton, John D. Van Horn,'t Daniel M. Wegner,?
Scott T. Grafton,} C. Neil Macrae?

Despite evidence pointing to a ubiquitous tendency of human minds to wander, little is known
about the neural operations that support this core component of human cognition. Using both
thought sampling and brain imaging, the current investigation demonstrated that mind-wandering
is associated with activity in a default network of cortical regions that are active when the brain is
In addition, individuals’ reports of the tendency of their minds to wander were correlated
with activity in this network.

Mason et al. (2007) Science

Gonzalez-Castillo etal (2021) J of Neuroscience



Should we consider experience when interpreting resting-state fMRI?

Predictive Framework

fMRI ( Aspects of In- \
Data N . .. .oos o os w5 e s 8 S 8 8 e 8 FC Scanner
| . Experience _
B - 10 Fit linear model for brain-
PR, [L behavior relationship

12

Introspection
Data

W A\ 2
Hand discomfort Remember past ' :
..« and repositioning argqgﬂénf}!@{pg\;ner
Time .
y Single Resting-State Scan 1 1 Tt ! 9
Scan Scan ) Retrospective li
Starts Ends | Introspection k i REES j

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?

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



Max Planck Institute — Mind-Brain-Body Dataset

*’/’/“”“‘ Neuroimaging Data

175 Subjects

1-4rs-fMRI scans (Eyes Open)
15 min rs-fMRI
TR=1.4s|2.3mm?3| 3T

\

471 Scans from 133 subjects passed QA

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

@D —
0—

2] Phenotype Data

* Personality / Habitual Behaviors (21)
* Mind Wandering / Mindfulness (4)

* Synesthesia (1)

* Cognitive Controls / Sustained Att. (1)
* Creativity (4)
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Mendes et al. Scientific Reports (2019)



Q1 I Do subjects tend to be in the same mental state when asked to rest?
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Q2 I 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 I Can we predict characteristics of ongoing thought based on FC measures?
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Influence of trait-level phenotypes on group differences
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Influence of trait-level phenotypes in predictive modeling
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Brain-wide associations

Interpretational Challenge: what is the functional role of the spontaneous activity that we measure during resting-state fMRI?

Resting-state fMRI is a powerful research tool in cognitive and clinical neuroscience, continuing to advance our understanding of the brain

LOCALIZATION = CONNECTOME FC AS
FINGERPRINT STATIC & DYNAMIC

Its relative simplicity allows rs-fMRI to address questions other paradigms cannot: fetal & across-species fMRI, unable populations.
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LACK OF STANDARDS NOISE MITIGATION DEEP SAMPLING vs. LARGE-N UNCERTAIN INTERPRETATIONS

Although rs-fMRI is well positioned to support a new era of precision psychiatry, the field must still bridge the gap between group-level

findings and individualized, reliable biomarkers.
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