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fMRI data are hierarchical



Whole brain analysis
Voxel-level analysis

Massive univariate analysis

Region-of-interest (ROI) 
analysis



Preprocessing
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Sources of variation in fMRI (or hair length)
VarW = within-subject variance
VarB = between-subject variance

(Poldrack, Nichols, & Mumford, 2011)





Mixed effects model mathematically

• Within subject variance estimation (1st level)

• Between subject variance estimation (2nd level)

• Full mixed effects model

Computationally demanding to estimate!

(1)

(2)

(3)
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Second level design matrix in SPM

• Dependent variable:
• β values from 1st level analysis 

• Rows
• subjects

• Columns: 
• Variables describing between 

subject differences
• Effect of each column will be 

estimated 



One sample T-test

• H: Brain activity is associated with the study 
condition somewhere in the brain
• Contrast (specified in the 1st level)

• Main effect
• Condition1 – Condition2

• Covariates of interest
• Positive association [0  1] = βcovariate
• Negative association [0 -1] = -βcovariate

• Main effect [1 0] = βmain

βcontrast =           βmain +βcovariateXcovariate



Two sample T-test

• H: Brain activity is different between 
two groups of subjects
• Group1 > Group2 with nuisance 

covariates
• [1 -1 0 0] = βgr1 - βgr2
• “Whether females have increased brain 

response for the condition than males 
when age and BMI are controlled for”

βcontrast=    βgr1Xgr1 +    βgr2Xgr2 +  βageXage +   βbmiXbmi



Paired T-test
• H: There is a difference between 

conditions in the brain response 
• 4 subjects, 2 scans per subject
• Condition

• Cross-sectional
• Baseline (1) vs. Stimulus (2)

• Longitudinal
• Baseline (1) vs. After treatment (2)  

• Condition 2 > Condition 1
• [-1 1 0 0 0 0 0 ] = -βc1 + βc2
• “Brain response associated with 

happy faces is higher after treatment"

βcontrast=    βc1Xc1+βc2Xc2+βs1Xs1+βs2Xs2+βs2Xs2+βs2Xs2
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Multiple comparisons correction methods

(Review: Lindquist & Mejia, 2015)



Voxelwise multiple comparisons correction

• Family-wise error rate (FWER) (Lindquist & Mejia, 2015)

• Probability of making one or more false positives
• Bonferroni correction

• “There is a 5% probability of making at least one false positive finding”
• 0.05 / number of tests = corrected p-value threshold

• False discovery rate (Benjamini & Hochberg, 1995)

• “No more than 5% of our findings are false positives”



Cluster-extend based correction (Lindquist & Mejia, 2015)

• Accounts for the spatial dependency 
between voxels
• “What is the probability to observe a 

activating cluster of this size under the 
null hypothesis of no activation”
• Three-step procedure

1. Choose primary voxel-level threshold 
e.g. p < 0.001

2. Choose minimum size of the cluster 
e.g. 50

3. Control for FWER on a cluster level
• The approach may be problematic





Threshold-free cluster enchancement (TFCE)

TFCE = hp (voxelwise t-value) * e (amount of supporting voxels)
� The voxelwise significance is adjusted by the amount supporting voxels 
� Significance of each voxel is assessed with permutations and then corrected for multiple comparisons

(Smith & Nichols, 2009)



Conservative correction inflates effect size estimates
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Non-parametric tests

•Motivation for non-parametric tests in group analyses (Eklund, Nichols, & Knutsson, 
2016)

1. Parametric tests may produce false positive findings in group level analyses after 
multiple comparisons corrections

2. Voxelwise multiple comparisons methods may produce too conservative findings 
and cluster-based methods false positives

3. Non-parametric tests have been shown to correct better for multiple comparisons.
• Tools for non-parametric tests
• SnPM (Doc: https://warwick.ac.uk/fac/sci/statistics/staff/academic-research/nichols/software/snpm)
• FSL Randomise  (Winkler, Ridgway, Webster, Smith & Nichols, 2014)

• One and two sample  (unpaired/paired) T-tests, repeated measures anova
• Easy to output statistical result maps with various different multiple comparisons methods

• Includes TFCE method
• Doc: https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise

https://warwick.ac.uk/fac/sci/statistics/staff/academic-research/nichols/software/snpm
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Randomise
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Thank you!

(Bennet, 2011)


