FMRI Pre-Processing and Model-
Based Statistics
MRIFALIE I B TR AR GTIT
* Brief intro to FMRI experiments and analysis (SC
B AN T EIIT)
* FMRI pre-stats image processing (ZtitaIEGRALE)

» Simple Single-Subject Statistics (BE#IXAIFEIT)
* Multi-Level FMRI Analysis (Z/K¥EMRIZHT)
* Advanced FMRI Analysis (%2 ) %
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FMRI Pre-Statistics

FMRIZEZL 1T Z Bl

* Brief intro to FMRI analysis (fMRIZ#Ti&i1T)




FMRI Experiments 3t
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» Simple paradigm design BEERIZIT:
- stimulus vs baseline #liZvsE %
- constant stimulus “intensity” 1EERIEGRE
- constant block lengths {8xEblockixE
- many repetitions:ABABA ZERZ/XHABABAET

* Need baseline restZ condition to measure change
FTEEZ (FFR) KlEKE



The Haemodynamic Response
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e Field changes (perturbations) --> dephasing --> T,* effect

* BOLD-tuned MRI (T>*-weighted) is sensitive to this effect
19T (FBh) --> KIBAL --> ToF RN
BOLD-AHIITAIMRI(T*-ANAN) X4 XA 1R R



Predicted Response FiillmA;

* The process can be modelled by convolving the
activity curve with a "haemodynamic response
function” or HRF. xNaf2al UM iEsn s A FHRFA B IR A

AN o |

HRF Predicted neural activity FiUTI A9 22 75 B/
MEANS R 572
time

Predicted response il A3 fz



FMRI Experiments: Analysis 23

* Each voxel contains a time-varying
signal(BOLD signal)
BARRSHENEZELRNES (MEKFHRBIES)

M measured timeseries at
marked voxelfRig &= a3
=) 52
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time



FMRI Experiments: Analysis 23

* Each voxel contains a time-varying

signal(BOLD signal) _ BOLD response, %
SEESMHETLNES (BOLDES) | R |

* Model the stimulus-induced change in | * ’ ovrshoo \ indershoo
BOLD signal(predicted response) o 4. . A
R S IAIBOLDIE S HTHAE (FONRT)

* Find which voxels have signals that match the model
PPN R AE SR ILED

« Good match implies activation related to stimulus
ILECE SR RFAR R AVEUE

measured timeseries at
marked voxel

PMCIR R RN ERT 7

. > predicted responseFfiliiaL;
time




Standard GLM Analysis ime—msrmnsn

« Correlate model at each voxel separately #SMREIRIIHEX AR

* Measure residual noise variance
NERRIEEHE

« t-statistic = model fit / noise amplitude
i I=1R B SR FIRE

* Threshold t-stats and display map
56 F{EM R E
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Standard GLM Analysis img—mamgnsin

« Correlate model at each voxel separately &/MrZIRIIHEF*ATEE

* Measure residual noise variance
NEakRIgEHE

« t-statistic = model fit / noise amplitude
=R ISR S R(E

* Threshold t-stats and display map
A 30 ) E M &R E
Signals of no interest (e.g. artifacts)
can affect both activation strength and
residual noise variance

KRES (WhE) cEINZIEEEENRSRE

Use pre-processing to reduce/eliminate

some of these effects
{ERRFRALIE AT AR D 81 & TH PR IX LE RN,




FMRI Pre-Statistics &t >#i

FMRI pre-statistical image processing4;itaiE/ %A E:

Reconstruction from k-space data(k= B UEE )
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Image Reconstruction E/&E

* Convert k-space data to imagesigk=iasizitieEg:
* reconstruction algorithms=z

* Occasionally get problematic data@/R&WzIEEEEIE

* e.g. slice timing errors, RF spikes, RF interference
i B)EHE1R, BI9NRp®, SInTH

» Correct using custom-built initial analysis stages
{ERERIRIFIE DI EH#ITIRAE
* Scanner artefacts can be found by #&EHhgHH:

IOOking at data exploratory analysis IREMH S HT(ICA),



FMRI Pre-Statistics 221t 7 Hi

FMRI pre-statistical image processing4;itaiE/ %A E:

Motion correction(GkohtRiE




Motion Correction:Why? switamiamiE

- People always move in the scanner
AR RFRENE S B
* Even with padding around the

head there is still some motion
BlfE® 7 ABXER=ESE

« Need each voxel to correspond

to a consistent anatomical point

for each point in time
FERIESTNER ENS MRS B R —E

* Motion correction realigns to a

common reference
ARIEFAEZIRRZENUE

* Very important correction as small motions (e.g. 1%

of voxel size) near strong intensity boundaries may

induce a 1% signal change > BOLD
BRI NMEEHERENED1%BOLDESHE, FAULMIREREE




Motion Correction Lol

= multiple registration= & fig

Select a MC target (reference) for all FMRI

volumes.7EFf B B{& I B ix— MR 1IESZE BHn Register each FMRI volume to target
separately
Can use either one original volume, mean of IEE T ERm R IR /E2 B inE&
several, standard space image etc.
AR — RN, L ERIOTLY, Use rigid body (6 DOF)

I EARERER)



Effect of Motion Correction ®RIEXNME

Uncorrelated Motion F&#&E

Without MC FR#1E With MC ®1E




Motion Parameter Output a2t

Summary of total motion ( and absolute)
ML BT A

MCFLIRT estimated meay displacement (mm>
@.25

[ ] T
absolute
B-E .rhr‘"lpf'-\j
B.15 M -
a.l W —
3.05 MM i
g | | |

) ] 2e ] 40 .69 80 .189 1?@ 146 }GB 180
Relative = time point to next time point - shows jumps

BEXI=—"TH 8 RE T =18 R- B BEE]
Absolute = time point to reference - shows jumps & drifts
1BXI=118 222 - B R pkh&ES
Note that large jumps are more serious than slower drifts,

especially in the relative motion plot
LR, RANBRALECRIEREMREE, LEEEEXNIEEFH



FMRI Pre-Statistics &t >#i

FMRI pre-statistical image processing4;itaiE/ %A E:

Slice timing correction (i8] EZ1E)
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Slice Timing Correction HJEE

Almost all FMRI scanning takes each slice separately

JLFFRERMRIEAEEZHIALGRSE TR

Each slice is scanned at a slightly different time

FMYRNRENEEH B REWMAE,

N

Slice order can be interleaved (as shown) or sequential (up or down)

Y RIRFErTIAZR s (AEIPR) Sl (E EskmET)




Slice Timing mHEE
Without any adjustment, the model timing is
always the same

MR, KB EE 2 EN
Model

slice 10

slice 9

Slice 9 acquired 1.5 secs
after slice 10

TR 10 R9fE1.5s% &

acquisition timing (TRs)
REHTIB](TRS)



Slice Timing mHEE
... but the timing of each slice’s data is different

(B2 E[REURERETE]E 2N ERY

Data

slice 10

slice 9

Slice 9 acquired 1.5 secs
after slice 10

TR 10 R9fE1.5s% &

acquisition timing (TRs)
KEHT(8](TRs)




Slice Timing mHEE
Can get consistency by shifting the data

A] DU BB AU 2R R IR IT—E

Data

|

et |/ IN

slice 9

Slice 9 acquired |.5
secs after slice 10

R 107EY) /R 9/51.55 acquisition timing (TRs)
RE SRS B 8]




Slice Timing mHEE
...and then interpolating the data = slice
timing correction

ZIEERE, XM EERE

Data

slice 10

slice 9

Slice 9 acquired |.5
secs after slice 10

il IOT’:EE]JF"‘?E .55 acquisition timing (TRs)
RE SR AT 8]




Slice Timing mHEE
...and then interpolating the data = slice
timing correction

ZIEERE, XM EERE

Data
|

slice |10 |5

slice 9

Slice 9 acquired |.5
secs after slice 10

il IOT’:EE]J)%"‘?E .55 acquisition timing (TRs)
RE SR AT 8]




Slice Timing ®aE

The result of slice timing correction is that the data is changed
(degraded) by interpolation

B ERIENERZHIEBEITIHERNE (FFE) 7
Data

slice 10

slice 9

Slice 9 acquired |.5
secs after slice 10

R 107EY) /R 9/51.55 acquisition timing (TRs)
RE SRS B 8]




Slice Timing mHEE

Alternatively, can get consistency by shifting the

model
&, AJAETEREER r§~1E3::|h T4
N
slice 10
slice 9
Slice 9 acquired |.5
secs after slice 10

R 107EY) /R 9/51.55 acquisition timing (TRs)
RE SRS B 8]




Slice Timing mHEE
Shifted N
One way to shift the Model
model is to use the =
temporal R
derivative in the
GLM —

—FERERNS
rRfAamEr e

NI Sl tidl

Temporal

_I?_asled on . Derivative
aylor approx: 5]

m(t+a) = m(t) + am’(t)

ETRIANAT




Slice Timing &g,

Shifting the model also accounts for
variations in the HRF delay
HEEB G R AERE T HRFEEIRRYE =
* as the HRF is known to vary
between subjects, sessions, etc.

EAHRFBEMHIL, sessionFZAL

This is the recommended solution
for slice timing

X2 BRI [B) /= B - R F TNE

>

ML




Motion Problems :Lzf|o)gs

Motion correction eliminates gross motion changes but
assumes rigid-body motion - not true if slices acquired at

different times
EEIRIERER BRI, BEXRBRHRNEE) - MREARREFREXY) R, NAERS

Other motion artefacts persist including:
Spin-history changes, B, (susceptibility) interactions &

Interpolation effects
Hit s A FE, 81 BiehETM, B0 (BAR) HEFRMEEN

Such artefacts can severely degrade functional results

Severity usually worse for stimulus-correlated motion
LR B ERFRINESERNEE, SHHBEXNCHEEZESER



Motion Problems :Lzf|o)gs

Some potential analysis remedies for motion artefacts include:
BN —ERBE D T NG e 3E:
- including motion parameter regressors in GLM
EGLMA B FEmENZ &
- removing artefacts with ICA denoisingl@1J ICAEIREFRINE
- outlier timepoint detection and exclusion (via GLM)
BRI E SN AT HERR (B GLM)
- rejection of subjects displaying “excessive” motion
B8RRI R En BRI
No simple rule of thumb defining "too much" motion

28 e RV 2 B ENRTE XK % HVIEE]




FMRI Pre-Statistics &t >#i

FMRI pre-statistical image processing4;itaiE/ %A E:

Spatial filtering(=[8]jEi8)




Spatial Filtering Z[8)iER

Why do it? At AiE?
1. Increases signal to noise ratio if size of the
blurring is less than size of activation

GORAERAAR VN BGEAY, NIBINEIREE

2. Need minimum "smoothness" to use
Gaussian random field theory for

thresholding
BER/ W TBE MERS TG EICHITHREL

However: A&
« Reduces small activation areas /> /NEGEX1T
- Safest option is to do a small amount of smoothing
REZENERZFEZM DS FaLbE
« Alternative thresholding/stats eliminates the need for smoothing (e.g.
randomise, TFCE)
BRBESUTHERIER 7B ENEK (FlunkEiLt, TFCE)



Spatial Filtering: How? @li{ali%{E?

Spatial filtering done by a 3D convolution with a Gaussian (cf. ID

convolution with HRF for model)
BESABDERETE=EIRK (ZREE, (ERHRFHT—HER)

Weights

Each voxel intensity is replaced by a
weighted average of neighbouring

Intensities 0.6| 0.8| 0.6

B MER B ERIE BT ERS
08| 1.0( 0.8

A Gaussian function in 3D specifies

weightings and neighbourhood 0.6| 0.8| 0.6

size

3DFREY S HT R EHE E AN E RN LRI



Spatial Filtering: How? @li{ali%{E?

Spatial filtering done by a 3D convolution with a Gaussian (cf. ID

convolution with HRF for model)
B S BDEIRAITEEIRN (ZRRE, FEAHRFHIT—HER)

R Weights
Each voxel intensity is replaced by a
weighted average of neighbouring
intensities
BMMERBERELRENINDIERS 0.6|0.8| 0.6
11 488055 >
0.5 0.6/ 0.8| 0.6
) FWHM
< >
FWHM

Specify amount by Full Width Half Maximum (FWHM)

= distance between 0.5 values
B ERFSIEEHE=0.5EEZENEH



Spatial Filtering: Results at Different
FWHM =gk TREEF¥SNE




FMRI Pre-Statistics &t >#i

FMRI pre-statistical image processing4;itaiE/ %A E:

Temporal filtering(f135%E5%)



Temporal Filtering:Why? JfalfigimEis

* Time series from each voxel contain
scanner-related and physiological

signals + high frequency noise Raw Signal}?ﬂ‘ﬁiﬂ)ﬁ

BRI EFYEE 5 PAENERNESHNERES UK SHNERE P

« Scanner-related and physiological 1050
signals (cardiac cycle, breathing 1040}
etc) can have both high and low 1030
frequency components 1020
PHBXNMEERES (DIREH, WRE) JeEEEEM
RS S 1o
1000}
* These signals + noise hide activation 990
X S 4 2 s G S 0 20 40 60 80 100 120 140 160 180 200

What is temporal filtering? 11+ & Y1505 ?

« Removal of high frequencies, low
frequencies or both, without
removing signals of interest

ERESENIRE, AEERANEBES



Temporal Filtering: Highpass B[S : S8

Raw Signal[R IG5 Z03E nghpass F|Itered_|é_|_ BEN

1060

1050}
1040t
1030
1020

1010}

1000}

990

25 4 i i i i
e L 0 20 40 60 80 100 120 140 160 180 200

* Removes low frequency signals, including linear trend

AREINES, BFhs%ItiEss

e Must choose cutoff frequency carefully (lower than frequencies of interest =
longer period)

NI FAREFEELESIER (R TR CEBRYSNER = RAVAT8])



Temporal Filtering: Lowpass B8R : {8

Raw Signal B 14 201E Lowpass Filtered (@S K

1060 1060

1050} 1050}

1040} 1040}
1030 1030
1020 1020

1010f 1010

1000} 1000}

990 990
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200

Removes high frequency noise EiE SRS

Only useful if the predicted model does not also contain
high frequencies...

(XSFNRIRBE A B S S M T EH..




Filtering & Temporal Autocorrelation &K & 18 H1Hx

Some designs also contain high frequency content in the model e.g. Dense Single-Event Model:

RERITERBEPEEESSINAS, fINRERESHRE
e A |
\_

* In these cases, lowpass filtering removes too much signal
XEGIFE, RBEETRKSZES

 Also, need noise data to correctly estimate autocorrelation (to make statistics valid - see later)
=¥ avoid lowpass filtering

I, BERFHIERERMGEITERX (UMESITHEER-BZRTXY) SBRETEIERK

Spectrum of modelf& B 1

RecommendationsZE1X:

- Use Highpass only {{EHS&E

- Ensure cutoff frequency higher than model frequencies (can use the Estimate button in the GUI
- see practical)

RRE LIRS TRENE  (FAMERAGUIRR it RE-2 5 %)

- Lower limit on cutoff frequency for good autocorrelation estimation(e.g. for TR=3s, cutoff
period > 90s )

BYREIE LSRR R AT SE MM RAFAIBAEXEE (Hla0, 3FTR =3s, #i1LAT/E]> 90s)



Effect of Temporal Filtering Bi33E R A0SR0

No Temporal Filtering

7 L Hjiﬁﬁi/l}.\ 5/5

Highpass Temporal Filtering/S 18 E /K




FMRI Pre-Statistics &t >#i

FMRI pre-statistical image processing4;itaiE/ %A E:

Global intensity normalisation(Z)

SR E)

BE:



Global Intensity Normalisation zgsEirs

Mean intensity of the whole dataset changes

between subjects and sessions
BRI RE S ERLNNSEINM R Z B3

* due to various uninteresting factors (e.g. caffeine s_
levels) Eh—LREXMEE (NHEAT) =

3

Want the same mean signal level for each subject ¥
(taken over all voxels and all timepoints:i.e. 4D) —
HESITZNERBRENTIESKE (EMBERENMENERLE %
#hanitk: Ep4D) )
2

Scale each 4D dataset by a single value to get the

overall 4D mean (dotted line) to be the same
BT B MERMBENE T4DIIFESRR(ERF R4DTFIE (BL) 1HE

Automatically done within FEAT
EFEATE R B5TAL

(over 3D volume)

N N ‘I
Subject 2

Subject |

Subject 3
*v/\\ﬂ v
Time (TR)



Summary F4

Reconstruction Create image and remove gross artefacts

- eI E G MR E b

Motion Correction Get consistent anatomical coordinates (always do
BRI E this)

Okt

IRER—EURYRESI 40 (B2 H)

Slice Timing Get consistent acquisition timing (use temporal
i 5] 2 M5 IE derivative msiead)
IRER—ERROR RIS E) (BUYER B SE)

Spatial Smoothing Improve SNR & validate GRF
= [BiRR EXESNRHILIEGRF
Temporal Filtering Highpass: Remove slow driftsi5 1@ : EIFEIIAEN
AsHE Lowpass:Avoid for autocorr est.ff5i@: B 5 BHHEX
Intensity Normalisation 4D: Keeps overall signal mean
3R AT AL constant across sessions

>Z

4D: PFiBsessionHiBI{RIFTREAEEFIEAT




