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Agenda

Historical overview of the field of resting-state fMRI

• Basic description of analytical methods

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

• Open debates/challenges
• 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

+ “Try not to move, remain 
awake and let your mind 

wander freely”
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Biswal & Uddin (2025) 
Nature

Bilateral Finger Movement Resting Brain

“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.”

Biswal et al. (1995)  MRM
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Raichle et al. (2001)  PNAS

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

directed behaviors.”
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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



https://anastasija-v-petrovic.medium.com/an-overview-of-functional-
connectomics-resting-state-fmri-8aca8b2446cb
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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.’”

Smith et al. (2009) PNAS

ICA
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Rest/Task

2009
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Smith et al. (2009) PNAS

“… 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

Smith et al. (2013) NeuroImage

Miller et al. (2016) Nature Neurosc.

Casey et al. (2018) Dev Cog Neurosc.

Taylor et al. (2017) NeuroImage
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Laird et al. (2021) NeuroImage
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Beckmann et al. (2005) Phil. Trans. B Klein et al. (2012) Front.  Neurosc.

Gordon et al. (2016) Cerebral Cortex

Shen et al. (2013) NeuroImage

Craddock et al. (2012) HBM Glasser et al. (2016) Nature
Fan et al. (2016) Cerebral Cortex

Power et al. (2012) Neuron

Schaefer et al. (2018) Cerebral Cortex Yan et al. (2023) NeuroImage
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Yeo et al. (2011) J. Neurophysiology

“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…”

7 Canonical Networks 17 Canonical Networks

PA
R

C
EL

LA
TI

O
N

S 
/ F

U
N

C
TI

O
N

AL
 C

O
N

N
EC

TO
M

ES
ICA

2004

Rest/Task

2009

Yeo Netws.

2011



History |
Biswal & Uddin (2025) 
Nature

Kong et al. (2025) Nature Communications
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Variability in correlation to the PCC over a 2 mins window

Chang et al. (2010) NeuroImage
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Gonzalez-Castillo et al. (2014) Frontiers Neurosc.

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.

Most Variable Connections correspond primarily inter-
network, inter-hemispheric connections involving the fronto-
parietal network and occipital regions. Also some DMN 
regions.
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Allen et al. (2014) Cer. CortexFC States
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Damaraju et al. (2014) NeuroImage Clinical

Dynamic states in a large (n > 300) data 
set of schizophrenia patients and 
controls in which the patients are 
spending significantly more time in the 
relatively less connected state 4.
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Dynamic FC is reduced as consciousness levels decrease

Barttfeld et al. (2015) PNAS

• “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”

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

ICA

2004

Rest/Task

2009

Time-varying FC

Yeo Netws.

2011



History |
Biswal & Uddin (2025) 
Nature

Liu et al. (2013) PNAS, Chen et al. (2015) NeuroImage

Co-Activation Patterns
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Thomason et al. (2013) PNAS

“…rsfMRI performed in 25 healthy human fetuses in the second and third trimesters of pregnancy 
(24 to 38 weeks of gestation). We report the presence of bilateral fetal brain FC and regional and 
age-related variation in FC. Significant bilateral connectivity was evident in half of the 42 areas 
tested, and the strength of FC between homologous cortical brain regions increased with 
advancing gestational age…”
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Pagani et al. (2023) Communications Biology
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Finn et al. (2015) Nature Neuroscience

“…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 
‘fingerprint’ that can accurately identify subjects from a large group… Characteristic connectivity patterns were distributed 
throughout the brain, but the frontoparietal network emerged as most distinctive…”
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“Sensory information undergoes 
extensive associative elaboration 
and attentional modulation as it 
becomes incorporated into the 
texture of cognition. This process 
occurs along a core synaptic 
hierarchy which includes the 
primary sensory, upstream 
unimodal, downstream unimodal, 
heteromodal, paralimbic and limbic 
zones of the cerebral cortex.”
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Birth 2 years 10 years 25 years 80 years

Gradient organization across the lifespan

Taylor IV et al. (2026) Nature

Pagani et al. (2023) Communications Biology

Gradient organization across species

Gradient organization in subcortical regions

Tian et al. (2020) Nature Communications

Gradient re-organization in clinical populations

Hong et al. (2019) Nature Communications
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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” Neural Activity Hemodynamic Activity

“Characteristic patterns 
of resting-state 
hemodynamics were 
accompanied by more 
rapidly changing 
bilateral patterns of 
resting-state neural 
activity.”

Ma et al. (2016) PNAS
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Ma et al. (2016) PNAS

“Spatiotemporal hemodynamics could be modeled by convolving this neural activity with hemodynamic response functions derived through 
both deconvolution and gamma-variate fitting.”

Neural Activity Hemodynamic Activity Neural Ⓧ HRF Residual
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“These results support that resting-state hemodynamics in the 
awake and anesthetized brain are coupled to underlying 

patterns of excitatory neural activity.”
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Brain-wide associations

Functional Neuroimaging Data Behavioral / Clinical / Phenotype Data

Smith et al. (2015) Nature Neuroscience

280 Behavioral and Demographic Measures461 Subjects from the Human Connectome Project
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Brain-wide associations

Finn et al. (2015) Nat. Neurosc.
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Brain-wide associations

Shen et al. (2017)  Nature Protocols

Connectome Predictive Modeling (CPM)
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• K-Fold Split (k=10)
• Considering subject ID

• N Null Permutations

Feature Selection

R > 0 & p<0.01 R < 0 & p<0.01

10 Rules for CPM studies 

Rule #1: Use out-of-sample prediction 
for better models

Rule #2: Keep training and test data 
independent

Rule #3: Use cross-validation if no 
external dataset available

Rule #4: Share data, code and models 
to facilitate external validation

Rule #5: Properly assess statistical 
significance

…

Scheinost et al. (2019)  NeuroImage
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Brain-wide associations

“…A primary 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, resulting in statistically underpowered studies, inflated effect sizes 
and replication failures at typical sample sizes. As sample sizes grew into the thousands, replication rates began to improve 
and effect size inflation decreased. More robust BWAS effects were detected for functional MRI (versus structural), cognitive 
tests (versus mental health questionnaires) and multivariate methods (versus univariate).”

Marek et al. (2022) Nature
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Brain-wide associations

(2022) Nature Neuroscience

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? 

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) NeuroImage

Conscious Experience / Processes

Gonzalez-Castillo et al (2021) J of Neuroscience

Mason et al. (2007) Science



Should we consider experience when interpreting resting-state fMRI?

Q1 | Can we detect differences in FC if we group scans according to thought 
pattern? 

Q2 | Can we predict characteristics of ongoing thought based on FC measures?

…

FC
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9
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Predictive Framework

Q4 | Are these observations driven by other underlying phenotypes?

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

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

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

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



Max Planck Institute – Mind-Brain-Body Dataset

Mendes et al. Scientific Reports (2019)

471 Scans from 133 subjects passed QA

My thoughts were intrusive
My thoughts were more specific than vague
My thoughts were in the form of words
My thoughts were in the form of images

0 … 100
0 … 100
0 … 100
0 … 100

FO
RM

I thought about my  environment / surrounding
I thought about other people
I thought about myself
I thought about past events
I thought about future events
I thought about something negative
I thought about something positive

C
O

N
TE

N
T

0 … 100
0 … 100
0 … 100
0 … 100
0 … 100
0 … 100
0 … 100

Neuroimaging Data
175 Subjects
1 – 4 rs-fMRI scans (Eyes Open)
15 min rs-fMRI
TR = 1.4s | 2.3mm3 | 3T

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

Phenotype Data
• Personality / Habitual Behaviors (21)
• Mind Wandering / Mindfulness (4)
• Synesthesia (1)
• Cognitive Controls / Sustained Att. (1)
• Creativity (4)

Multidimensional Experience Sampling Reports

I was completely awake 0 … 100VIGILANCE



Q1 | Do subjects tend to be in the same mental state when asked to rest?
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Gonzalez-Castillo et al. Nature Comms (In Press)



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

NBS | 5000 Permutations 

Edge-Level Threshold (T=3.1; p < 0.001) 

Network-Level Threshold (p<0.05)

Laterality Index = -0.32 (right) 
Number of Nodes = 210 (out of 380) → 55% 

Number of Connections = 458 → 0.7% 
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 >
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 B

Comparison to Prior 
Literature

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



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

* p<0.05 | ** p<0.01 | *** p< 1e-3 | **** p < 1e-4

Comparison to Prior 
Literature

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



Influence of trait-level phenotypes on group differences

Cohen’s d (A – B) T-test

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)



Influence of trait-level phenotypes in predictive modeling

PSSI: Personality Style and Disorder Inventory

IAT: Internet Addiction Test

BIS: Behavioral Inhibition System

SD-MW Delib: Deliberate Spontaneous Mind Wandering

Gonzalez-Castillo et al. Nature Comms (In Press)
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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 o f the brain

LOCALIZATION → CONNECTOME

LACK OF STANDARDS

FC AS
FINGERPRINT STATIC & DYNAMIC

ACROSS-SPECIES & 
LIFESPAN STUDIES 

ACROSS-SPECIES & 
LIFETIME STUDIES 

• Current challenges for the field of rs-fMRI include:

UNCERTAIN INTERPRETATIONSNOISE MITIGATION DEEP SAMPLING vs. LARGE-N

• 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.

• Its relative simplicity allows rs-fMRI to address questions other paradigms cannot: fetal & across-species fMRI, unable populations.



Where to go next…

INTERPRETATION DEBATE

METHODOLOGY / DENOISING

APPLICATIONS

HISTORY
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