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 Introduction to MRI and fMRI

e Brief introduction to existing fMRI data analysis
techniques

» Research project: Detection of Single Trial BOLD
responses

e EXperiments and results

e Conclusions
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BOLD fMRI is not a direct measure of neuronal activity. It is related to blood
hemodynamics (blood flow, blood volume and oxygen concentration)
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» Traditional model-based
approaches rely on an accurate
definition of the paradigm, e.g.
onset and duration of the stimuli.

* In their simplest form, Model
based methods assume identical
hemodynamic (BOLD) response
across different brain regions.

» Model comparison and statistical
inference (interpretation) is simple.

» Best example: GLM.
Implemented in SPM, FSL or
AFNI. They differ on how to deal
with the noise.
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» Data-driven approaches

* No a-priori knowledge of the
shape of the BOLD response

* No paradigm specification

« |dentify components (or clusters)
which best fit the data according to
some statistical measure.

* Multivariate (spatio-temporal)
analysis: Functional connectivity &
Resting States

» Post-processing to decide which
(or how many) components are
relevant.

» Best Example: ICA, but also PCA,
CCA, TCA or clustering methods.
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= BOLD response modelled as the
é - sum of two gamma functions
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fMRI signal = convolution of stimulus
function with BOLD response

X(t)=h(t) A s(t)+ &}
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Ridge Regression ) |
deconvolution ) |

Assume noise follows a Gaussian

Linear model S ) )
y — HS+ e distribution with variance s2 and
covariance matrix S
H = canonical HRF toeplitz matrix ~7 ()&5 ( S) )

[LeastSquares: min|y- Hsﬂz }

8 =(H'S™H) H'Sx

[Regularlzed Least Squares: mln | y- HSH + /H }

(Ridge Regression)
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Levinson Durbin Recursion +
finite sample MDL criteria
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Autoregressive model for the noise }
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Yule-Walker Equations
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Baselines are input to
Levinson-Durbin Recursion
to estimate AR coefficients

and residuals for each
candidate order n={1,...,N}
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Model selection criteria: Which is the best order N for the noise model?




Ridge Regression ) |
deconvolution ) |

Model selection criteria: Which is the best order N for the noise model?

» Selection is based on the residual power for each candidate order.

 Traditional criteria, such as AIC, GIC or MDL, are asymptotic criteria, i.e.,
developed for infinite number of observations.

 Finite sample versions apply correction factors to account for few number
of observations.

Asymptotic Finite sample
AIC() | stz | n(sd)r2 i
MDL(n) | In(s2)+in(K) | In(s?)+in (K)o
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To statistically test for the presence of activation, a t-statistic is defined from the

the Ridge Regression estimate, comparing for each voxels the signal
at each time point to the mean of the baseline.

- J
1t 5(n N(m <) i£1£B
S(n)_Lkﬂ%(r)\g(n) N(nz, 55) ae

? ﬁseline mean

Hypothesis Ho:m = /Z- t(n) — %(ﬂ) _@ tB-l n3 B

Test Hljngl 1t 1+i
B

baseline variance



-~

-

~

Spatial and Temporal

Preprocessing

/

Ridge Regression
deconvolution

Spatio-temporal
T-statistic

Multiple Hypothesis
) _
Testing: FDR

Temporal
T-maps




| 1

]

Multiple Hypothesis
Testing: FDR

Negatives Positives
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Family-wise error rate (Bonferroni):
Probability of any false positives &
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Data-dependent

False Discovery Rate:
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More power
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1- Sort uncorrected p-values for

2- Reject those hypothesis where
Or compute & reject corrected FDR p-values

sorted uncorrected p-values

FDR threshold 0.05
corrected FDR p-values
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Millions of tests!!
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Electromyography (EMG) signals were recorded in the left extensor, right
flexor and right extensor to detect hand-related movements.
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Brain activity is detected in:

- Supplementary motor area
and cingulate gyrus: initation
and self-control of motor
movements.

- Primary motor cortex: motor
execution

- Primary somatosensory
cortex: touch and
prioperception.

- Primary and secondary
visual cortex
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