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• [Marcus, 2013], describing HCP data:

• 200-250 ICA (FIX) components per subject

• ~23 believed neural, ~4% of variance

• All other ICA components, ~16% of variance

• 24 motion parameters: ~14% of variance

• Rest is “unstructured noise” (e.g., thermal)

• Artifact:

• Bulk head motion

• pCO2

• Heart and respiratory rate and pulsations

• And others

Noise in fMRI



• BOLD signal is a minor fraction of the T2* signal

• And BOLD is driven by pCO2 and neural activity

• Remember:

• Neural activity increases blood flow

• Demand for oxygen is outpaced by the supply

• Ratio of oxy/deoxy hemoglobin rises

• Alters magnetic properties of blood

• Alters the relaxation rate of perfused tissue locally

• S(t) = S0exp(-tR2*)

• Altering breathing rate/depth changes pH, changes oxy/
deoxy hemoglobin ratio too! This is why pCO2 matters!

Noise in fMRI
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• In task fMRI, the GLM eliminates a great deal of noise

• As long as it is not correlated with experimental design

• In resting state, there is no experimental design

• Averaging noise is not possible

• Any spurious variance will impact measures

• Shared variance inflates correlations

• Unshared variance deflates correlations

• Some artifact can even introduce negative correlations

Noise in fMRI



• Denoising resting state data is hard

• But vital:

• Developmental story called into question due to 
realizations about artifact from small movements.

• Has caused reappraisal of aging, clinical literature

• Doing RSFC without immersion in methods is risky

• Can waste your time

• Can waste your PI’s money (and taxpayers)

Noise in fMRI
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Wise et al., 2004
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Birn et al., 2006

pCO2 effects

• Recording pCO2 requires a face mask, not pleasant.

• Rasmus Birn came up with a proxy, derived from 
respiratory belt measures, to imitate pCO2 recordings.

• RVT: respiration volume per time

• Birn et al., 2006: temporal SD drops to 1.20% from 1.29%; task zscores up

• Shmueli et al., 2007: 1.6% adjusted variance

• Bianciardi et al., 2009: 2.6% adjusted variance

• Jo et al., 2010: 1-3% variance, negative adjusted variance



Glover et al., 2000

Respiratory/cardiac effects

• Pulse ox and respiratory belt give cardiac/pulmonary 
information.

• RETROICOR consists of 4 cardiac and 4 respiratory 
traces, reflecting the phase of physiologic cycles

• Glover et al., 2000: cardiac variance 1.12% to 0.33%; pulmonary 0.89% to 0.52%

• Shmueli et al., 2007: 3.8% adjusted variance, mainly around vessels/CSF

• Bianciardi et al., 2009: 2.5% adjusted variance

• Jo et al., 2010: 2-4% variance, negative adjusted variance



Glover er al., 2000 N=3 RETROICOR
(4 cardiac, 4 respiratory regressors)

BOLD signal in cardiac component reduced from 1.12% to 0.33%
BOLD signal in respiratory component reduced from 0.89% to 0.52%

Shmueli et al., 2007 N=9
RETROICOR

then + 8 RVT regressors
then + 5 cardiac rate regressors

Explained 3.8% of adjusted variance, mainly around large vessels and CSF
Additional 1.6% adjusted variance explained
Additional 1.0% adjusted variance explained

All physiologic correction: 6.4% adjusted variance explained

Birn et al., 2006 N=10
RETROICOR

then + 1 optimized RVT regressor
(RVTCor)

Task z-scores up ~1%; temporal SD dropped from 1.41% to 1.29%
Task z-scores up another 8%; temporal SD dropped from 1.29% to 1.20%

Bianciardi et al, 2009 N=8 
(7T study)

RETROICOR
2 RVT regressors

2 cardiac rate regressors

Explained 2.5% voxelwise variance, 0% regional variance
Explained 2.6% voxelwise variance, 9-15% ROI variance
Explained 2.8% voxelwise variance, 6-9% ROI variance

Jo et al., 2010 N=15
RETROICOR

5 RVT
6 motion and 3 Legendre

Explained 2-4% variance across models, always with negative adjusted R2 
Explained 1-3% variance across models, always with negative adjusted R2

Explained 10-15% variance across models, the most of any regressors

Chang et al., 2009 N=7
RETROICOR

+ voxel-specific RVT lags
+ convolved RVT measures

(RVHRCor)

Beyond RETROICOR, RVT regressors explained 8-20% of variance, 
calculated only in voxels where relationship was significant (1-64% of the brain)

When convolved, explained 11-27% of variance in 14-79% of the brain

• Physiologic corrections typically account for a 
modest amount of variance.

• This variance is limited by 1) the recordings acquired, 
and 2) the goodness of fit of those recordings to data.

• Some artifact is probably left.



Motion effects
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Motion effects

• Historically, common to regress the realignment estimates

• [ X Y Z pitch yaw roll ]

• sometimes also the derivatives

• sometimes the Volterra expansion (further back in time)

• This is helpful, but leaves plenty of motion artifact behind
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Motion effects

• How to detect/characterize motion artifact?

• 4 methods I like: 

• QC-RSFC correlations

• scrubbing analyses

• looking at the residual timeseries

• reducing/eliminating motion-related group differences



• QC-RSFC plots

• Calculate summary QC measure per subject (mean FD)

• Calculate RSFC correlations between many ROIs

• Correlate QC measures with RSFC, across subjects

• Plot QC-RSFC as a function of distance

Motion effects

Satterthwaite et al., 2013



• Scrubbing plots

• Calculate RSFC correlations between many ROIs

• Recalculate correlations without high-motion volumes

• Plot the difference as a function of distance

Motion effects

Power et al., 2012
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Motion effects
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Signals at 2 voxels

Nearby: often Nearby: not often Nearby: not often 

Distant: often (global) Distant: sometimes Distant: sometimes

Motion effects
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Motion effects

• How to detect/characterize motion artifact?

• 4 methods I like: 

• QC-RSFC correlations

• scrubbing analyses

• looking at the residual timeseries

• reducing/eliminating motion-related group differences

• QC-RSFC analyses need a spread of QC values, and will be 
hampered by ceiling effects in RSFC inflation.

• Scrubbing analyses tell you only about censored volumes. 
You learn nothing about the uncensored data.



Subtler things to know about motion

• FD magnitudes differ with sampling and software

• DVARS will decrease across stages of processing

• A decrease is not necessarily improvement

• e.g., DVARS decrease is proportional to blurring kernel

• Improvements in DVARS can be cosmetic

• a motion spike in the trace can be eliminated, but the 
distance-dependent artifact can remain

• why we use pre-denoising DVARS to identify bad data

• why we don’t use DVARS:DVARS or FD:DVARS 
correlations to measure data improvement

• FD:BOLD correlations

• hard to figure out what these mean



Subtler things to know about motion

Yan et al., 2013



Subtler things to know about motion
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Subtler things to know about motion
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Subtler things to know about motion
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Subtler things to know about motion

aCompCor: 
Muschelli et al., 2014
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Subtler things to know about motion

[R R’]

Scrubbing FDAFNI > 0.25 mm

ANATICOR: 
Jo et al., 2013
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ICA

• Matrix decomposition technique.

• Specify N number of sources, the algorithm will reduce data 
to N maximally spatially independent signals.

• Ideally, this separates neural from non-neural sources

• Definitely pulls out artifactual components

• But remaining “neural” components show pCO2-
dependence (Birn et al., 2008), and motion-dependence 
(Satterthwaite et al., 2012; Mowinckel et al., 2012; Tsyzka et 
al., 2013)

• If variance shared across sources (e.g., global motion 
artifact, global pCO2 modulation), ICA will have trouble 
separating it out.



Multi-echo techniques

• These techniques require particular sequences at 
acquisition. They cannot be applied to most existing data.

• But they enable signals to be characterized as BOLD-like or 
not-BOLD-like, which is a huge help in saying something is 
noise vs. signal.
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Multi-echo techniques

• Multi-echo ICA (pronounced mica) can characterize ICA 
components as BOLD-like or not. This can get rid of a lot of 
bad variance in the data.

• But motion-related effects are also still not gone. And pCO2 
effects are BOLD-like, and must be separated somehow.
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Denoising conclusions

• Neural BOLD is a small portion of the fMRI signal

• Physiologic recordings help, but probably leave artifact

• Motion estimates help, but leave plenty of artifact

• Global signal regression helps a lot, but is controversial

• ICA helps a lot, but leaves demonstrable artifact

• Multi-echo ICA helps a lot, but leaves demonstrable artifact

• There is no magic bullet.

• Be skeptical and report what might confound your data.

• There is so much more that can be said. See Murphy et al., 
2013 in Neuroimage for review.

• You can’t dodge methods in RSFC. You have to engage.


