subjecf

Sinale_ciihi

Single-subject
effect size
statistics

BRI ESIT

FMRI Group Analysis mriasi

Voxel-wise group analysis {kZ/KFEHHH

é p
Design matrix git4BE%
1 0
HREZS (8] AR o
0
Standard-space Subject 1 0
i . 1 0
brain atlas groupings — .
0
it 4 0
0 1
0 1
Reg'isterb
:i?;iﬁ;‘;‘“’ Effect size subject-series
wpace Group
SEANMRER S statistics
N = AR B
FrEEZS (8] \_ J
ST ER Significant o -
STEE Statistic Image voxels/clusters ‘& RIRZ=F=

Contrast

REE
Effect size Thresholding

statistics
BN=E51t

PXENE: BET IS



Multi-Level FMRI analysis
ZfMRI7 T
® uses GLM at both lower and higher levels

TS, HKESERGLMOHT

Z K>

® typically need to infer across multiple subjects,

Group |

Difference?

I
Mark

session |

session 2

session 3w

Steve

session | =g

session 2 =k

session 3 =k

session 4 =k

I
Karl

session | =
session 2 =

session 3 =

session 4 =

I
Will

session | =
session 2 =

session 3 =

session 4 =

Tom Andrew

session |

session 2 =

session 3w

session | =
session 2 =

session 3 =

session 4

Group 2

sometimes multiple groups and/or multiple sessions
BEREBES MR, STHAMNSIHE

session |
session 2 =

session 3 =

session 4 wd

Josephine  Anna

session | m

session 2 =

session 3 =

session 4

Hanna

session |

session 2

session 3w

Sebastian

session | =

session 2 =

session 3 =

session 4 =

Lydia Elisabeth

session | =

session 2

session 3

® questions of interest involve comparisons at the

highest level myumsaagmss

R EE KRR

session | =k

session 2 =k

session 3 =4

session 4 =k



A simple example

Does the group activate on average?:as=s w9132

Group

I
I I I I I I
Mark Steve Karl Will Tom Andrew




A simple example

Does the group activate on average?:as=s w9132

Group

I
I I I I I
Mark Steve Karl Will Tom Andrew

>
0 effect size

A==



A simple example

Does the group activate on average?:as=s w9132

Group

I
I I I I I
Mark Steve Karl Will Tom Andrew

Yk’ — Xkﬁk + €k A

First-level GLM
on Mark’s 4D FMRI %

data set 0 effect size
HEF it Markf94D MRIFE—KFEGLMA IR SR

>




A simple example

Does the group activate on average?:as=s w9132

Group

I
I I I I I
Mark Steve Karl Will Tom Andrew

Yk — Xkﬂk + €k A

>

Marlk’s 0

S

effect size
Mark BRI N &

effect size

A==



A simple example

Does the group activate on average?:as=s w9132

Group

I
I I I I I
Mark Steve Karl Will Tom Andrew

Mark’s —— :’A =

within-subject 0 effect size
variance A==
MarkB9#id L&




A simple example

Does the group activate on average?aszzF193?

Group
I

Mark Steve Karl Will Tom Andrew

Yk = XgPBr +€x 1 X
X
All first-level GLMs X g
on 6 FMRI data set X >

0 effect size

ETF6NMMRIZIERIE —KFEGLM T SR =
2y IVA==3



A simple example

Does the group activate on average?:aszg w112

Group

I
I I I I I I
Mark Steve Karl Will Tom Andrew

What group mean are we after? Is it:

|. The group mean for those exact 6 subjects?
TR DRI 12

Fixed-Effects (FE) Analysis mxmmsair

2. The group mean for the population from which
these 6 subjects were drawn?etigitsrtaor A T?
Mixed-Effects (ME) analysis ssasmsi



Fixed- Effects Analysis
EREIA T

Do these exact 6 subjects activate on average?
XL R 6 MR TR T A EIB?

Group
I
I I I I I I
Mark Steve Karl Will Tom Andrew
X
. . :
estimate group effect size as > X
straight-forward mean % X
across lower-level estimates 5 —>
0 effect size

(G HN B R/ MEABARK ST EiRY{E

N
k=1



Fixed- Effects Analysis
EREIA T

Do these exact 6 subjects activate on average?
X2 6 MR BB IR R T EIG?

Group

Mark Steve Karl

BK — Xgﬂg

Mmean

ie

I
I 1
—_ = = =
L

CK

Will

Tom

X

Andrew

X

T

1 6
=2 b
k=1

effect size

>



Fixed- Effects Analysis

RE XL 73 7T

Do these exact 6 subjects activate on average?
26 ML EE ST T 19137

Group
I
I I I I I I
Mark Steve Karl Will Tom Andrew
Yk = Xk 0Ok

5K=X

Fixed Effects Analysis: mzmmsor

® (Consider only these 6 subjects m=zmExe it
® estimate the mean across these subject wigxteit o
® only variance is within-subject variance Rumirnzs



A simple example

Does the group activate on average?/8:s:5% 279157

Group

Mark Steve Karl Keith Tom Andrew

What group mean are we after? Is it:

|. The group mean for those exact 6 subjects?
TR DRI 12

Fixed-Effects (FE) Analysis mxmmsair

2. The group mean for the population from which
these 6 subjects were drawn?etigitsrtaor A T?
Mixed-Effects (ME) analysis ssasmsi



Mixed-Effects Analysis
B AL

Does the population activate on average sz trugsanm?

Group
I
| I I | I I

Mark Steve Karl Keith Tom Andrew

Yk = Xk0Or +ex |

Consider the distribution over the
population from which our 6
subjects were sampled:
ZREIBATHIEIMFRN A O DI R

2 . . .
o, is the between-subject variance

0 6 effect size 3}
g



Mixed-Effects Analysis

EE AN AT

Does the population activate on average?zicz s w1

Group
I
I I I I I I

Mark Steve Karl Keith Tom Andrew

Yk = Xk0Pr +ex 4
=
O = Xg0g + €5

i / | \ 0 /Bég effect size 3}

1

1

1 . between-
X,=1,| Population <ubiect

i mean g j

variationugiiass



Mixed-Effects Analysis

=R

Does the population activate on average?izg sixtoFigEim?

Group

Mark Steve Karl Keith Tom Andrew

Yk = XkPBk + €k
IS

Mixed-Effects Analysis:
® (Consider the 6 subjects as samples from a wider population,
N6 HKILZ K B BER BRI
® estimate the mean across the population it EE89t91E

® between-subject variance accounts for random sampling
A FE A S E RO B E 5=



All-in-One Approach

— RN GA

Group |

Difference?

<

I
Mark

session | =

session 2 =

session 3w

Steve

session | =
session 2 =

session 3 =

session 4 =

I
Karl

session | =
session 2 =

session 3 =

session 4 =

I
Will

session | =
session 2 =

session 3 =

session 4 =

>

Group 2

Tom Andrew Josephine Anna Hanna Sebastian Lydia Elisabeth

session | =

session 2 =

session 3

session | =
session 2 =

session 3 =

session 4 =

session | =
session 2 =

session 3 =

session 4 =

session | =
session 2 =

session 3 =

session 4 =

session | ==

session 2 ==

session 3

session | =
session 2 =

session 3 =

session 4 =

session | ==

session 2 =

session 3 =

® Could use one (huge) GLM to infer group difference
AMEA— (A#) GLMIEHARZS

EIRBGR AR BB R A IE

difficult to ask sub-questions in isolation sz 7 e
computationally demanding itazsxs
need to process again when new data is acquired

session | =
session 2 =

session 3 =

session 4 =



Summary Statistics Approach
BWIAZIT A
In FEAT estimate levels one stage at a time

TEFEAT{HIT/KFRIE T IR
® At each level:zsrxer HrEATE MR

Group
® |nputs are summary stats from levels difference
below (or FMRI data at the lowest T

level)
WA RREBRRITBIIHES (RFHBI FMRI ZIE) Group
® QOutputs are summary stats or T
statistic maps for inference
2 AT BRI B AT BRIt Subject
® Need to ensure formal equivalence T
. ’ .
between different approaches! Session

RERERTES 2B EE



FLAME

FMRIB’s Local Analysis of Mixed Effects

FMRIBEVE SN BIBEB DT 75 7%
® Fully Bayesian frameworksz nirizze

® use non-central t-distributions: Input
COPES,VARCORPES & DOFs from

lower-level
{FRIEHRR ¢t 97 BWNARIERFIAICOPES, VARCOPESHIDOFs

® estimate COPES,VARCOPES & DOFs

at current level
£ L4817k F{LiHCOPES. VARCOPESFIDOFs

® pass these up mres
® |nfer at top levelzgs i

® Equivalent to All-in-One approach
1S F— A7 %

Z-Stats

Group
difference

COPES
VARCOPES
DOFs

Group

COPES
VARCOPES
DOFs

Subject

COPES
VARCOPES
DOFs

Session



FLAME Inference

® Default is:zii:

e FLAMEI: fast approximation for all voxels (using

marginal variance MAP estimates)
FIARRINBEEME (ERBFRAE MAP &iHE)

® Optional slower, slightly more accurate approach:
AIBEAEE, MBI

o FLAMEI+2:

® FLAMEI for all voxels, FLAME2 for voxels close to
threshold riamvel EBFra®=s, FAME BFERRENTE

® FLAME2: MCMC sampling technique mcmcsrsA



Choosing Inference Approach
AR

Fixed Effectsmzsnm

Use for intermediate/top levels

TR TR KT

Mixed Effects - OLS g/ —=%

Use at top level: quick and less accurate

e/ ER: REERN KR

Mixed Effects - FLAME |

Use at top level: less quick but more accurate

Ba/KEER: RERIE, (B8
Mixed Effects - FLAME | +2

Use at top level: slow but even more accurate

e /KHER: &ISHER

) ) X FEAT - FMRI Expert Analysis Tool v5.90

Higher-level analysis - |

Stats + Post-stats |

Misc | Data |

Stats | Post-stats

@d effects: FLAME 1 —])

Model setup wizard

|

Full model setup

|

Go

Save

Load

Exit

Help I

Utils |




FLAME vs. OLS sittrssn—sws

allow different within-level
variances (e.g. patients vs.

controls)
REFENARES (FIRIFHAS HERE)

pat ctl

0 effect size

allow non-balanced designs
(e.g. containing behavioural
scores)

RYFETERT (BIIASTRTS)

allow un-equal group sizes
SRR AR
solve the ‘negative

variance’ problem
R 2

Session =3 Subject === Group



OLS

FLAME

FLAME vs. OLS

® Two ways in which FLAME can give different Z-stats
compared to OLS:5oustatt, FAMERTIXREFMTREIZIS %

® higher Z due to increased efficiency from using

lower-level variance heterogeneity
B FERERABIN S E R TIRG THE, HEZEs




FLAME vs. OLS

® Two ways in which FLAME can give different Z-stats
compared to OLS:5ousitt, ramemueismmrRzIGN0 7%

® [ower Z due to higher-level variance being

constrained to be positive (i.e. solve the implied

negative variance problem)
MFREKTHSZREHDES, BEZERE EBRT A5 ZE8)

OLS

FLAME




Multiple Group Variances
SEER

® can deal with multiple group variances
AMAMES AL R

pat ctl

® separate variance will be
estimated for each variance group (be aware of

#observations for each estimate, though!)
BHEVHEABELRNAE (RTBTENES MaEH)

effect size

® design matrices need to be ‘separable’, i.e. EVs only have

non-zero values for a single group
BIHELTTHE”, B, BMANEVIREENIERE

= 108 |0 & = 108 |10 %
1 & hog o § 1 & |os |[10%
1 & 1o o S 1 2 108 |10%
2 SEo =Eio = 2 3 hog |10%
2 3 o & |10% 2 3§ |og |10%
2 B0 =aeio = 2 3 (o3 |Ho0%

valid invalid



Examples



Single Group Average

BANIE

We have 8 subjects - all in one group - and want the
mean group average:—msMgit, KATH

Does the group activate on average?sszstatEn?

estimate meanittye

estimate std-error witingizs
(FE or ME)

ect

test significance of
mean > OwnigmEsnszreo

0 effect size




Single Group Average

BANIE

Does the group activate on average?sszgtatEn?

) [ General Linear Model :-JQ&II
EVs | Contrasts & F-tests
umber of EVs 1 2
umber of groupsy =
0 'EV1
Input1 /i 1
nput2 [[1  Af)1 2
nputs /1 21 2
Inputa| [+ 241 2
Inputs| [+ 21 2
Inpute |1 241 2
nput7 \1 2\ 2
Inputs \1 s
NS

0 effect size

View design | variance | Done |




Single Group Average

BANIYE

Does the group activate on average?sszgtatEn?

) [ Model

L = T = S S S ST

cl

group mean

=a%

) ( General Linear Model -8% ) [ General Linear Model -a%
/ EVs ] Contrasts & F-tests EVs [ Contrasts & F-tests ]
Number of EVs 1 — Contrasts |1 2 F-tests 0 il
Number of groups 1 — Title EVA
Group EV1 C1 |~ group mean |1 i
Input1 |1 5 |1 2
Input2 1 3 1 2
lnputs 1 3 1 2
Inputa 1 3 1 3
Inputs |1 3 1 2
Inputé |1 I 1 3
Inputz |1 3 1 2
Inputs |1 3 1 2
View design Covariance | Done | View design Covariance | Done “




Unpaired Two-Group Difference
FERATAER

® We have two groups (e.g. 9 patients, 7/ controls)

with different between-subject variance
BFA (OFA, 7EHIA) AEHERR

Is there a significant group difference?siazsszm
® estimate means{itige

® estimate std-errors
(FE or ME)@itingizz

® test significance of

difference in means
RN EZERN SN

0 < > effect size



Unpaired Two-Group Difference
AT AER

Is there a significant group difference?anzszzns

« (General Linear Nodel -3%

EVs | Contrasts & F-tests

Input 1
Input 2
Input 3

OO0 O

Input 4 o (1
Input 5 0
Input 6 v |0
Input 7 0
Input 8 0

AR CP D apapapiapiap

Input 9
Input10 /Z \2
Input 11 J 2
Input12] 2
Input 13| 2
Input 14§ 2
Input 15\ 2
Input 16 \ 2

0 effect size

View design Covariance J Done J




Unpaired Two-Group Difference
FRINFEER

Is there a significant group difference?anzszzns

 (General Linear Nodel -3%
EVs | Contrasts & F-tests

Al

Number

Number of groups |

EV1  EV2

Input 1 1 2o 2
Input 2 1 [&o |=
Input 3 1 &0 &
Input 4 1 50 &
Input 5 1 %o %
Input 6 1 2o %
Input 7 1 &0 3
Input 8 1 &0 &
Input 9 1 =0 |=
Input 10 0 /= =
Input 11 0 [y =
Input 12 - -
Input 13 - -
Input 14 0 B =
Input 15 0 [N =
Input 16 o &7 =

View design | Covariance ‘  Done ‘ 0 effect size




Unpaired Two-Group Difference
FRATALER

Is there a significant group difference?anzszzns

« (General Linear Hodel -8% « General Linear Nodel -8% w [ Hodel -3%
EVs | Contrasts & F-tests EVs | Contrasts & F-tests 1
1
Number of EVs = Contrasts z 3 Fiestso 2 1
Number of groups 2 — ~ Title EVI  EV2 i
Group EV1 EV2 Ci I |A-B 1 [ | ]
Input1 1 21 S0 3 c2r B-A -1 My - 1
mput2 1 3 )1 S0 3 1
puta 1 3 1 S0 3 1
lnputa 1 1 o 2 .
nputs 1 2 )1 S0 % 2
Inputé 1 T 1 S0 3 2
mputz 1 31 o 3 2
mputé 1 5 1 S0 2 2
nputs 1 A1 2o 2 e
Input1io z 2 0 T2 1 a-5 1 -1
- ) A c2 B -1 1
Input11 z T 0 J1 3
Input12 2 20 1 3
nput13 2 3 0 T 3
nput14 2 3 0 I 2
Input1s z 2 0 T2
Al Al Al
Input1ie z T 0 J1 3
View design Covariance J Done ” View design Covariance J Done ”




Paired T-Test

FoXI THR IS

® 8 subjects scanned under 2 conditions (A,B)
8 MEITAEABT D& 1 FHHTIH

Is there a significant difference between conditions?
Stz HERRED?

0 effect size



Paired T-Test

Fo XS THR 4G

® 8 subjects scanned under 2 conditions (A,B)
8 MEITAEABT D & 1 T T

Is there a significant difference between conditions?
St HERRED?

try non-paired t-testsitit TR




Paired T-Test

B T 36

® 8 subjects scanned under 2 conditions (A,B)
8 MEITAEABT M & 1 FHHTIH

Is there a significant difference between conditions?
St HEREED?

data de-meaned data =iyme

subject

0 . effect size 0
subject mean

accounts for large prop.

of the overall variance
AMEYE 5 BT Z HR AL

effect size



Paired T-Test

FCXI TAEES
® 8 subjects scanned under 2 conditions (A,B)
8 MEITFEABT M & 1 T TIH

Is there a significant difference between conditions?
St MEREED?

data de-meaned data =iyme
4 x:0’® £
3 X 9)(‘ 3

X @

: effect size -0
subject meaf’

accounts for large prop.
of the overall variance
AMIHE & B EHRA L]

effect size



Paired T-Test

B T 36

?

itions

ficant difference between cond

L]

igni

Is there a s

FZBEREENIG?

effect size

13[gns

o " Gereral Linear Model

m
2

&

- PvJ.PZPﬂPOJ_Q5#50&.50205.5%5%5&.55555

.5#!..!.5'5.!.!%5%5%!‘5\ 2=

||||| o clelcleclecleolecl-lo

e LPLP!PZ#Z;Zhr..!.v..!..!s.!;.!&!.!

o jlocolelaol- (=R =R L= =N =R =R =R LR =) AI.

aZPW_PE_QZQ!P!D!.!.!A!AvA_A.!A.vA_H!A\_!A,!

II‘I..I.r.I.I.[T.I.I,'.I”LM.I
av;.n!A.ZP!O!.SQW_A'._.!A!A!A.!AZA.!A,.!&!

o lole ololoilcoclololo |- .!”.IW.I.ML

Covay

(= L= ool

gv..#vj.&.!ﬂ!ﬂﬁ.ﬂ.v._nﬂn5-.!.&"4.5%5%55'

oo oo |lo

View design




Paired T-Test

Fo XS THR 4G

?

HZBERZENL?

ficant difference between conditions
%

i

13[gns

effect size

Is there a sign

W [ Gereral Lizear Yodel

&5&3&393?&0&A!A!ASAEQEASQSASAEA&

lolelelolololo |

tﬂ&ﬂﬁﬂfﬂ&!&ﬁhﬂALA!A!QEHSASAEA!QS

oleolelele D_.

O P

E U AN S B S R S R O O B T O S
| |

s 2 s Qs e e s B e B e RS o e s R,

LS&&&ELE&SP&ABH!Aﬂﬁﬂ&ﬂb!&ﬂ&ﬂﬂﬂb!
|

2"
s
5
Slelolalalols e s s P
. R
g
s
5

Qﬂﬁﬂﬁﬂ'ﬁ&ﬂ!!!!!!ﬁﬂo5555553535553

=1 = “Wwfa_r.r.
H!Hﬂ?ﬂ'ﬂﬂﬂ.ﬂ%ﬂ“Bﬁﬁjﬂﬂﬂj!Tﬂ*‘r
I Y P P P Y P

< Number of EVs 3

Covariance J Done

View design




Paired T-Test

B T 36

Is there a significant difference between conditions?
St MEREE?

o (Gereral Livex Fode] A e e Q0

EVs & F-tests
Number of EVs & 3

Number

= EVImodels the A-B paired
we difference; EVs 2-9 are
::z':ré EEEEEE R confounds which model
:‘T I out each subject’s mean

nput1iz 1 E[1 2§ 20 %o *
Input13 1
nput1ia 1 3 1 2P \2po 2 -

Input1s 1 A1 3

hput16 |1 AN g0 HONZf0 S0 o o Ho 4l 2

EVIZA-BREXHNEFEE;
EV 292 BERR, NEITHIXINIEERE




Paired T-Test

Fo XS THR 4G

Is there a significant difference between conditions?

@ (Contral L inasar Modh] =5 con i imne e m e e sy s =8%
EVs | Contrasts & F-tests
Number of Vs 3 2
Number of groups 1 3

Group EVI EVZ EV3 EV4 EVS EV6 EVI EVB EWS
Input 1 Z;F:F;V;‘FSO o & o %o A
Wput2 [1 51 S 2 2o 2o b o b b %
putd 1 B[ A0 2o A 2o Ao o Ao %o A
mpatd 1 S o Szl it Zlo o g Zo %
puts 1 %1 o 2o % f_nfo—“r_;'[_:b_;‘lo_:
Inputé 1_:[-_:[5—:5—‘[_“[—“[— hogb b 3
A O O e O O - -
Wputs |1 %1 o %o %o %o Npo X [—“!0 - -
Inputs 1 % F:[-_‘[_"{_“[_:F‘F” -
Wputio i 41 Mo Al s Mo Mo 4o Mo Mo &
Inpat 11 1_;‘[1_;[6_‘[_‘(_“[—‘[_ ,,F:{o_:
nputiz 1% [1 &0 & W"(_“I_”[_ o &P g0 &
Input 13 Ti!i_z‘fﬁ_’!_“[_ [_“F“I_:(ﬂ_g
Imputia [1 5 /1 5o 2o "(—“[—”I_”I‘ o &b %
Imputts [1 51 S 0 F_ O
mputie [1 % [1 5o 2o !_’F bAoA A

FZBEREENIG?

[ General Linear Model

=3%

EVs | Contrasts & F-tests |

Contrasts|2 % Ftestsp %

mmmmmmmmmm

CIF[a-8 |1 Mo Mg allg s alfy Ay “alf sy A
r—— ™| g™ ™| ™ ™ g
Qr B-A (1 allo allg ~atly “all alfy ally Ay gn ;‘

D I L T T S S

aa
o o




Multi-Session & Multi-Subject
ZM Ex& S
® 5 subjects each have three sessions.stiit, sAIME

Does the group activate on average?ssizzwimme

® Use three levels: in the second level we

model the within-subject repeated measure
ER=AKE: EERFD, BRI ESNEHTER

ral Linear Fods = 3% Y
‘ EVsi Com:u&F—tem] 1
1
| Number of EVs |S Contrasts [S 2 F-tests [0 1
Number of groups |1 ii Tile  EVI EV2 EV3 EV4 EVs 1
Group EVI EV2 EVS EV4 EVS C1r [suwject1 1 Ao 2o Ao o .
inputisf) ‘a1 afo ‘mfo afo a0 C2 | fsubjectz fo &)1 '&fo '&fo sfo 4 1
inputz [1 41 a0 %o 4o Ao & Ca "\ fsubjects fo Zfo S Sfo o 2 1
inputs. |1 51 2o 2o 2o o 2 Ca |~ [subject 4 I_Q.'f_éﬂo_ﬂl'_ﬂfo_.f} g
nputalfi ‘Ao A Mjo Mo a0 C5 ™ [subects fo o &0 Ao A X 2
inputs [T &[0 s afo Affo o & i
inpute: |1 affo &1 oo o o & 1
inputza1 'agio a0 a1 ‘a0 ‘a0 o 1
inpute. [1 4o afo &) o a0 & 1
inpute. |1 2o &0 &1 2o o & o1 subject 1 0
Inputio [1 s fo &fo afo A s & T :
Inputy [T % o &[0 o sl a6 i i
Input 12 ['_ﬂ frg[ﬂ—g[ﬁ_g[l_g[ﬂ_g cs sub;acts 1
Input13 [1 & fo Sfo S S & 4
Inputia |1 & fo &fo afo Ao A1
Input1s 1 %o Hfo g o =)

View design Covariance I Done Il

View design I Covariance Done




Multi-Session & Multi-Subject

S E &S

® 5 subjects each have three sessions.stiit, sAsmE

Does the group activate on average?:ssssFigm?

® Use three levels: in the third level we model
the between-subjects variance zz=krumitazres

w ( Model 2a%
1

1

1

1

1

Cl group mean 1

) ( General Linear Model =-a% . ( General Linear Model =-a%
EVs ] Contrasts & F-tests I EVs [ Contrasts & F-tests I
Number of EVs |1 - Contrasts |1 2 F-ests O —
Number of groups |1 — Title EVA
Group EVI C1 |~ |groupmean |1 %
Input 1 — —
_1 A
Input 2 — 1B
A A
Inputa 1 5|1 5
A A
Input4 |1 5 |1 5
A Af
Inputs 1 3 |1 3
View design | Covariance | Done | View design Covariance | Done |




Multi-Session & Multi-Subject

Z &SI,

® 5 subjects each have three sessions.stwit, @AM
Does the group activate on average?asszzw9En?
® Use three levels:

® in the second level we model the within subject
repeated measure typically using fixed effects(!) as
#Hsessions are small
EETKTS, BFESNERN, BB EREMIA RN E SN ST e

® in the third level we model the between subjects

variance using fixed or mixed effects
75 = KRR SR AR R B2 S TR



Reducing variance

WD

Does the group activate on average?:ssssFigmn?

0 ' effect size
<€ >

>0?

mean effect size large

relative to std error
A FAREE, THMRRRA

0 . effect size
>
>(0?

mean effect size small

relative to std error
X TFARER, TR



Reducing variance
A2

Does the group activate on average?:ssssFigmn?

: >
0 effect size effect size
< >
>0? >0?
mean effect size large mean effect size small
relative to std error relative to std error

EXFInEIR, FHORNERK B FiRER, PR EBU)



Single Group Average & Covariates
BAAMHENNES
We have 7 subjects - all in one group.VVe also have
additional measurements (e.g. age; disability score;

behavioural measures like reaction times):
—BE7NE, FERMEMIET (BIIER, BETS, OB (BIIRMNE) )

Does the group activate on average?saszzF9tEs?

use covariates to
‘explain’ variation mpzemEsz

estimate meanittya

estimate std-error
(FE or ME)itings

0 ' effect size



Single Group Average & Covariates
B ATENN TS

We have 7 subjects - all in one group.We also have
additional measurements (e.g. age; disability score;

behavioural measures like reaction times):
—EE7TNEE, HERMEMIET (BIIER, BEITS, OB (BRI )

Does the group activate on average?sasi=zFo1E?

use covariates to
‘explain’ variationmmzerEsz

[
ko)
- S X
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Single Group Average & Covariates
AT BN TS

Does the group activate on average?asszzw9En?
® use covariates to ‘explain’ variationmmzgrEsz

® need to de-mean additional covariates!
EE RGN TR ELIE!

. [ General Linear Model =-a% ) [ General Linear Model - a% ) [ Hodel -a%
EVs | Contrasts & F-tests I EVs [Contrasts & F-tests | 1
1
Number of EVs 2 T Contrasts |2 2! Ftests|o 2! 1
Number of groups |1 — Title EVI  EV2 1
& = 1
Group EV1 EV2 C1 [ |groupmean |1 20 2 )
Input1 |1 & |1 224 & C2 |~ |reactiontime |0 2|1 3 1
Input2 |1 3 |1 218 3
| =t ‘=t P Cl group mean 1 0
nput 3 |1 j |1 ﬂlJ f]l C2 reaction time 0 1
Inputa |1 3 )1 25 3
Al Al Al
Inputs |1 5 )1 34 3
Al Al Al
Inputé |1 3 |1 25 3
Al Al Al
Input7z |1 & [1 2|6 &

View design Covariance | Done |

View design Covariance | Done |




FEAT Group Analysis

FEATZH 1

® Run FEAT on raw FMRI data to get first-level .feat

directories, each one with several (consistent) COPEs
S FIGFMRIZBIEGITFEATDRENEE — R feat B 3%, BTERYEEZT (—HHI) COPE

"0 O O X FEAT - FMRI Expert Analysis Tool v5.90

Higher-level analysis -~ | Stats + Post-stats |

First-level analysis 1
Mise Honerievelanaysis  Giars | post-stats | |

® |ow-res copeN/varcopeN =9 feat/stats
SR contrastNEISEREMHEI LLEIR /contrastNESFTEEUR 7E feat/stats ST T

® when higher-level FEAT is run, highres copeN/

varcopeN =3 .feat/reg standard
HE/KFEFEATIEITH, S0 #iF contrastNIIZ UL TTEX LE B /contrastNBY 5 E Bl &
£ feat/reg_standard X {4 T



FEAT Group Analysis

FEATZH 1

® Run second-level FEAT to get one .gfeat directory
151738 7K FEAT A AR — 1 gfeat 14 K

000 N FEAT - FMRI Expert Analysis Tool v5.90

® |nputs can be lower- . .

Higher-level analysis - | Stats + Post-stats I
evel .feat dirs or B e | |
Owe r- I eve I C O P E S Inputs are lower-level FEAT directories |

AJ L\/{ E@)\ﬂ:& 7}(2‘2 E/‘] .featﬁi 'fq:y% Inputs are lower-level FEAT directories t;l
EJZ % 1 EE 7J< I'Z E’\] COP Ej'f L‘l: Inputs are 3D cope images from FEAT directories )
Output directory _*g]

® the second-level GLM analysis is run separately for
each first-level COPE )

AT BN E—KFECOPERIZIZITE —/KFERNGLMO

® cach lower-level COPE generates its own .feat

directory inside the .gfeat dir
B ME/KFEBICOPER] ATE gfeat XA R A AL — 1 B IRAY feat SR



That’s all folks
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Group F-tests

2H 7K PSS

® 3 groups of subjects:auiz

Is any of the groups activating on average?s=zsasmsE?

) (General Linear Model o -a% & (General Linear Model -a%
rEVs ] Contrasts & F-tests | EVs [ Contrasts & F-tests ]
Number of EVs |3 Z] Contrasts [3 21 F-tests |1 -
Number of groups |3 Tile  EV1  EV2 EV3 F1
Group EV1 EV2 EV3 oo [ - -~ 2 =

nput1 |1 21 glo S0 & €21 JgroupB o St S0 5 &
INpUUZEN 1 |(Afy |afy |afo | C3 I~ |group C - - - ~
nputa [T /& [T (Mo o s

Inputa 1 Si 1 Sjo S0 o

inputs [1 i1 gfo S &

Inpute 2 i jo St Zjo o

npue7 [z &l [o A sl

inpute 2 i jo i1 S0 2

IDPLUSRN> [0 (A% (A a8

[NpUEIONN> |[SSNo |A471 |AYo |

INPUEIRENS [0 o AN, A

INpUEIZENS (A4 (S0 |Afyq

o Bl Dl - -

[OPUGIANNs |[SSN0 (Ao A4 ¢

nputis [5 Ao Ao A

View design I Covariance I Done || View design Covariance l Done ||

&  Model

1

1

1

1

1

2

2

2

2

2

3

3

3

3

3

Cl group A 1 0
€2 group B 0 1
€3 gqroup C 0 0

-3%

EEE ="




ANOVA: | -factor 4-levels

BRRKFEHEDN

® 8 subjects, | factor at 4 levels

8RR, ERREIZRAKF

Is there any effect?

=R FET AR

® EV| fits cond. D, EV2 fits cond A relative to D etc.
EVIINEEHED, EV2INEFKEABNFDINERS

"®O06 \ General Linear Model ' '®e06 \ General Linear Model 006 \ Model
[ EVs ] Confrasts & F-tests I EVs [ Contrasts & F-fests ] 1
1
Number of EVs |4 —- Contrasts |6 5 Ftests |1 — 1
Paste | Group EVI EVZ EV3 EV4 Paste | Title EVi EV2 EV3 EV4 Fi :
ol F‘;F;‘Fglﬂ—g‘ . r a0 o A Ao Mo & ¢ | |3
wuz [ [ Ao s o
Al al 2 2 2l p-4] h< h | > P
mputd 1 1 Zlo S S S ¢ rfeo o & 2o &f & ¢ | |2 :
Py ! re”™ | ™ I r”™ =
Input 4 [1_11 [‘—ﬂ{o—ﬂFSFS C4 | |mean r;—j[ﬁgg 0.25;‘{5}33 o ¢l a-D 0 m
Al Al - -l A
Input 5 [1_3_1 [‘_!JIO_!J[O_.!J[I_ZJ €5 I |A-mean [0_; UTE;[E;W; _J c2. B-D 0 u
ERULGRN 1 (MG |Adflo (Ao (), N A i 3 c-p 0 0 o 1 [~
2 - = __xl__ x__ 8 I [omean o oz g0z S0z 5 04 mean 1 0.250 0.250 0.250 [
put7 [ & 1 So o S o 65 A-mean 0  0.750 -0.250 -0.250 [J
RRGEORNNN1 |G [Afo |ASo |Adly 6 D-mesn 0  -0.250 -0.250 -0.250 [0
Setup onthogonalisations |

View design I Covanance I Done I

View design ] Covarlance I Done ]




ANOVA 2-factor 2-levels

® 8 subjects, 2 factor at 2 levels. FE Anova: 3 F-tests give

standard results for factor A, B and interaction
g IR, 2EEIKE,

S E S

A Z227K3

B1T3RFIR I TS 2 E RA B R R B F MR LS

o Teneral Linsar Wodel 23%| | & “General Linear Hodel s3s|
EVs | Contrasts & F-tests | EVs | Contrasts & F-tests l
Mumber of EVs 4 2 Contrasts 3 2 Fests|3 2
e [

Number of groups |1 3! Tile  EVI EV2 EV3 EVa  F1 F2 F3

Group EVI EV2 EV3 EVa cir [a - -3 -+ rr
L I I - - - cz2r [B - - T oar

{ s | il 4 - d | al musnes r-onot | e rus’ - —
Input2 |1 % ,,’4,,;Ji,‘“,,!lﬁl,,,;l_‘,,, - cs I [AB - - - - 5
IURCIRN 1 M1 Ay ASLq Ay A
mputa [+ S S S Eh E
- - - - TH- -
o0 - - - SE- -

e all o A -
Input 7 1 = U~ L L L

| -l oA Al sy, =~
Input8 1 S Tl ol el

View design ] Covanance I Done ] View design } Covariance I Done l

® |f both factors are random effects then Fa=fstat|/fstat3,
Fb=fstat2/fstat3. mem E=BEMIKE, MFasfstatl fstat3,Fo=fstat2/fsta3

® ME:if fixed fact. is A, Fa=fstat|/fstat3

MR EEMMN A, FBAFa=fstatl/fstat3

 Hadel

o b s e e e e €

o
(=

c2 B
3 a8

-8%

FFT
123

mOo0
oom




ANOVA 3-factor 2-levels

NRVKFHBEDH

® |6 subjects, 3 factor at 2 levels. s, 3@=ukT

O F|xed Effects ANOVA BB HEN T

- e A s b

e b b

t A

M
s &

[
LT 2

L I

o e e e o o o

0

0

0

-1

FEEPEEY
1234567
2000000
8] |ajafalala
ufu] Jujujulu
000mo00
oooomoo
0oooomo
0oooooe

o (Goweal Lrewr Hodsd 298| ¢ “femeral Lresr Hodel W9y
F] Contrasts & F-tests EVs | Contrasts & F-tests
Number of EVs 8 % Contrasts 7 5 Flests 7
Heamber of groups | e BN B B0 OBGOBS BE B0 OB FIRAMEKR
Goup EVI BVZ EV3 EW EVS BV EW/ EWB ar ;; v ;. ;
bt [ A1 aF ol M AT A ar b "W FLarrnr
by [ AFT AT AT A ar f 4 W
IpR3th S SH g = B g 3 - car 8 - h o0 =0 mo =0 %
Inpud 1 & -1 &1 2 o eI : ‘w - - * : 441
inpetS |1 MF1 M o - - 6 | a0 7 - : :
Inpwts [1 %41 &1 Sk A4 S A f - ar - (- Et W TR
Inpwt? |1 %1 & & - - §
Inpw8 1 5 -1 TS - 18- -
Inputg |1 31 H oy o' al' 3
Iputto 1 &1 &-1 - - (B[ -
U O N O O
puti2 1 51 % F -
pt13 1 51 S & o -
T T T T~ T (= T~ ST -
Input1s 1 - - - - - - | -
Input16 1 ; - - f - -
Vewdesign | Covariance | Dore Viewdesign | Covariance | [ove

For random/mixed effects need different Fs.
B AR EE R EHFs

BEAL/




Understanding FEAT dirs

IRRRFEAT S {3

® First-level analysis:g—xso#

design.fsf |

FEAT setup file FEATREXH

example func |

example lowres image

DR BIE G

filtered func_data

preprocessed 41D

lowres FMRI data

TR H94 DI D PHRFMRIZNIE

~thresh_zstat] (etc)

thresholded stats

R EHENSITE
cluster_mask_zstat] (etc)

cluster index image :
------- EAImaskBE& -

subject].feat/

mc/ stats/ reg/ reg standard/stats/

motion - lowres standard space resampling of stats :
correction :  stats registration outputs images into ’
reporting : - outputs FRAEZS (BB i standard space
LA iR ErwEgsitme  link to standard image FIHEBERFEREZE

copel link to highres copel

varcopel varcopel

example_func2highres.mat
cope2  highres2standard.mat cope2
varcope2 o varcope2
@e\func’lslan@
varcope: — —
varcope3

zstat ] resampling

zstat2

zstat3

tsplot/

time
series
plots

N E)EZTIES]



subject].feat/
reg standard/

stats/

copel

varcopel

Understanding FEAT dirs

HRFRFEAT X431

® Second-level analysis:

subject2.feat/
reg standard/

stats/

copel

- varcopel

subjectN.feat/
reg standard/
stats/

copel
varcopel

study.gfeat/

design.fsf
2nd-level design
£ IKFRdesign &

results of running
2nd-level design
across all subjects’
I1st—level copels

ETFAA#HILE—7KFcope 15@??%':7J<3Fdésignﬂ’\]é§%

copel

varcopel

4D concatenation

of first—level

copes & varcopes
in standard space
IR [EAY S —KF
cope/varcopeZE R

varcope?2

cope3

cope3

varcope?2

L

varcope3

cope3

varcope2

varcope?2

cope3
~varcope3

(=

copel

varcopel

first contrast in
2nd-level design

B KFdesigntyE— LA

cope2

varcope?2

second contrast in
2nd-level design

/KT designiyE _MIILEE

cope?2.feat/

cope3.feat/
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