Structural Segmentation
a0 &l

* FAST tissue-type segmentation @gxmsz)

* FIRST sub-cortical structure segmentation mET%15

* BIANCA segmentation of white matter lesions amEmit5

e FSL-VBM voxelwise grey-matter density analysis #zrzEzzEs
* SIENA/SIENAX global atrophy estimation gzt

PXENE: HEE LIS



FAST

FMRIB’s Automated Segmentation Tool
FMRIBINE N &I TH
generic tissue-type segmentation and bias

field correction
BRAHARBSE| SREIIRIE

* Input: brain-extracted image(s)
M IREVRRERIEIR

* Segments into different tissue types
1EE15 BRI AL

e At the same time, estimate bias field
5ittRRN it REDT

e Robust to noise, because each voxel looks

at neighbours
REREWIN, EASMEEUEBEERSE




FAST: Input @A

¢ First use BET to remove non-brain
B EFABETERIEANZE LR

All volumetric results are

highly sensitive to errors here.
PR R SRETXT LA R TR AF T BUR

For bias-field correction alone the
errors do not matter that much
NTRAENREIFREMNS, XENERZIAR
e Input is normally a single image (T |, T2, proton-density....)
WMABEZRKEG (TITLRFEE......)
e Or several inputs (“multichannel”) waumAzkEC2EE")

e For multi-channel, all must be pre- allgned (FLIRT) =wrsmeae, =g
NFTXI5T (FLIRT) A 2D




Intensity Model 3gE&a
tissue intensity distributions HA432E 57

* Histogram = voxel count vs. intensity
BE5E = hEITHEEE

® Model = mixture of Gaussians

1RE = SHNRS

e [f well separated, have clear peaks;
then segmentation easy

MR ERY, EIRENEE, WSS0E S
1E000
e Overlap worsened by sy rmE=zm. 140 White
* Bias field &= s H R
o Blurring i w00 | CSF
e Low resolution sz oo ] BB
e Head motion s 000

® N olSe x5 1 TR0, 75 A5G0, & ZE 0, 2



Probability Model #=izz

* Histogram = voxel count vs.

intenSity i E={alaly] AV,
BEAHE =MFZITH5RBE 16000 | G reij}bTI
1 4
* Model = mixture of Gaussians 1200
BA = BENRE 10000

* Probability determined for each
tissue class
B S MAAK I R 0

For example gz
Voxel near WM/GM border Intensity3®E =[17203

ST RIKBOA AR ‘ m
- r;( b ”~

P(CSF) near zero iro
P(GM) low &
P(WM) moderate +x il A




Bias Field Correction RE&1H#%1E

Original =4 Bias &&17 Restored #irEt

* MRI RF (radio-frequency field) inhomogeneity causes intensity
variations across space MRIMSHIHFI IS SEE=IERET,
e Causes problems for segmentation s4glismigm

* Need to remove bias field before or during segmentation
BEES B 2 TREHE

* Becomes more common and problematic at high field
X— SRR T E N A E



Bias Field Correction gsis&iE

Bias &1

Restored wrE
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Use Spatial Neighbourhood Information (MRF)
(A= <L EHE S (MRF)

* Neighbourhood information:“if my
neighbours are grey matter then | probably

am too”’
BIFEE: “MBHNBELHEXRER, BHREAIGELE, ”

e Simple classifiers (like K-means) do not use

spatial neighbourhood information Likely configuration #i&g{i
BB AD EITEIKA A A R SRS SRS High probability Az

e More robust to noise B AZIZEEM

* Need the right balance between believing

neighbours or intensity
FEAEENEERNREEEIELFE

Unlikely configuration #isF4E1
Low probability =1



Use Spatial Neighbourhood Information (MRF)

Combine with probability based on
EAEET:
Gaussian Mixture Model

SHTESRE.

Final log prob s«&swmim=z =
log p(intensity z=E) + B log p(MRF)

Final result depends on [ value

=R ERBURTBE

HR.2z M

This is user-adjustable
X2 AP AR

Ex

}

-

== |8]%F1E{5 B (MRF)

Likely configuration #3841
High probability ==

Unlikely configuration #isF4E1
Low probability =1



Effect of MRF Weighting
MRFIITXEY %2

og
oo




Effect of MRF Weighting
MRFI0AX AV &2




Partial Volume Modelling #9 &figzi

e A better model is what fraction of each voxel is tissue X!?
FBMIEN D B RALXFEFRE X NIEEIEIFN5?

e “partial volume” = fraction of CSF GM or WM
"B B =BEIR, WEEk ARG ER

PVE

B3 BN

okt

CSE GM,WM
R, WE, AR

! ' 1 - bl -
_ “Hard” Segmentation PVE (GM)
Image Ef& ETHE B BIRRL(EI )

* This substantially improves accuracy of volume estimation
o RHMIHEAAMNIRE T BREHERE



FAST - The Overview ###

e Initial (approximate) segmentation a5 2
* Tree-K-means #ir-k-tome

* |terate st
e Estimate bias field w#itmzas
e Estimation segmentation; iterate it &K

* Update segmentation (intensity + MRF)
B El (52E+MRF)

e Update tissue class parameters
THARS ESH

(mean and standard deviation w@EsingEz)

* Apply partial volume model mmmsamsa

e MRF on mixel-type (how many tissues)
X & BB EFIMRF
* PV Estimation s amsit



Optional Use of Priors (tissue probability maps)
EI: |‘$1§%%34m$(éﬂal\m$ Q)

* Segmentation priors = average of many subjects’ segmentations
7B FRRER = 2P0l o 3R
e Can use priors to weight segmentation, but can skew results (e.g. due to
misalignment)
A] BME AR SRR 0 BTN, (EXAIRe S G R IRE (BB T HiRAIXI 5T
e FAST does not use priors by default FASTERIATERSEI0MER

* If bias field is very bad, priors can be turned on to help initial segmentation
(alternatively, do more iterations)
MRREHRME, FILAERSIBRRT BIME D &8 (& #H1TZIRER)
e Can also be turned on to feed into final segmentation (e.g. to aid
segmentation of deep grey .... but see FIRST)
1437LMEH%5'&94*%1?&1@@2%3\%(15]9!] AT RBER B #1T 2 El. . {E155 ZFIRST)

Mean T |-wt GM Priors o= CSF
SEIRIT 1 H0HR IR JRR WM BR B R




Other Options HEi%

FAST:
* Bias field smoothing (-1) #E7FBEA)

- vary spatial smoothing of the bias field
HERENTETEE

* MRF beta (-H)

- vary spatial smoothness of the segmentation
BEDEINZ B FEE

e Iterations (-I) #ft(-1)

- vary number of main loop iterations
B E B IERIRE

fsl_anat:
- This is a new, alternative tool that performs brain extraction and
bias field correction (along with other things) in a different way and

so is worth trying out too
XE—THRAHIAENT R, EUARER G VLN AR R AR IE(AREMSES),
Rt ESELER



FIRST

FMRIB’s Integrated Registration & Segmentation Tool FMRIBI—{KtE S HEITH

Segmentation of subcortical brain structures
ATRE TE o E




Sub-Cortical Structure Models
RET&HRE

Incorporate prior anatomical information via explicit shape models
B EAIRRE R S SRIREEIFER
Have |5 different sub-cortical structures (left/right separately)
B ISMAENKETEM (K/ADT)

Caudate

Thalamuse i [
ES) A

Accumbens
17(|?n7|‘?

' Pallldum
‘ -
Brainstem .
AT Putamen =%

Amygdala

Hippocam Pus""*’f?;’f';;5.{..}2} A(—H%

5 courtesy of P.Aljabar



Training Data %>)%E

* Manual segmentations courtesy of David Kennedy, Center for
Morphometric Analysis (CMA), Boston

BTS2 9 i H0(CMA)David Kennedy32 HFN D EILE R
e 336 complete data sets 33eA5ENHIES

* T|-weighted images only R&ETImMNER

* Age range 4 to 87 #itEE: 487
- Adults:Ages |8 to 87, Normal, schizophrenia, AD
RFEAN: 18-87%, BERA, FBHHORE, 28R
- Children:Ages 4 to 18, Normal, ADHD, BP, prenatal cocaine

exposure, schizophrenia.
JLE: 4-18%, @A, ZoPfE, BP, THIAIREARE, HHONE




Model Training iz -
Alignment to MNI 152 spacegtziMNiisazg

e All CMA data affine-registered to MNI152 space
P CMAZNE B A 5YEC/EZIMNI1 5255 8]

- Imm resolution, using FLIRT @mrurr, 585 1mm

e )-stage process msE R
- Whole head |12 DOF affine 2fui2gmemss

- 12 DOF affine with MNI-space sub-cortical mask
{ERMNIZ 85 = TERETT 128 HEL ST




Deformable Models ajzspigny

* Model: 3D mesh ##: ;pm

e Use anatomical info on shape & intensity (from training)
ER (MIIGRER IR RORFNBRE(E S




The Model: Shape &8 #2i%

* Model average shape (from vertex locations)

e Also model/learn likely variations about this mean
BN T BB XNE R

- modes of variation of the population; c.f. PCA
AOTAAIER; SIPCA
- also call eigenvectors winisrns

* Average shape and the modes of variation serve as prior
information (known before seeing the new image that is to be
segmented) FHRRNSHERBERRES (ESEEHINHERZHEM)

- formally it uses a Bayesian formulation
f3EF DU IHHET A5



The Model: Shape #5: fik

. Model average shape (from vertex locations)

* Also model/learn likely variations about this mean
BN T BB XNE R

- modes of variation of the population; c.f. PCA
AOZMLRIRI; S IPCA

- also call eigenvectors winisirns

* Average shape and the modes of variation serve as prior
information (known before seeing the new image that is to be
segmented) THRRANTHERBELRES (EETEEHINFEG HEM)

- formally it uses a Bayesian formulation

{EANHE AT
mean wa Slngular values =
X =u, + UDb,
Eigenvectors (modes) \ShaPe parameters

HIEME (R 2N



The Model: Intensity #&#: 38,

i

* Intensity is then sampled
along the surface normal

and stored
AR ENEL A DR iFEEEHFFE

e Learn average shape/
intensity and “modes of

variation’ about both
TERME NI EEF T AER”

e Aside: the intensities are
re-scaled to a common
range and the mode of the
intensities in the structure

is subtracted
Boh: BREEFHEEI—MRETE, Intensity

HIRE LG HRYEERT 58 2




Fitting the Model #1&a#&a

* Find the “best” shape by searching along modes of variation
BEHNRZMRI R RE TR
- these efficiently describe the ways in which the structure’s

shape varies most typically over a population
XEENBRBHER T EMAREAFPRAHRBENTEL G

* Use intensity match to judge fitting success
{E B E ILEC kAR & 2 B AN

Average shape | st mode of variation 2nd mode of variation
TAIFZIR

B TR B M TR




Boundary Correction i #&iE
* FIRST models all structures by meshes FiRsTi#EiT W& &EHFTA HILEH
e Converting from meshes to images gives two types of voxels:

M 5E R E| B H =40 H M S B AR & -
- boundary voxels k=

- interior voxels HEpR=

* Boundary correction is necessary to decide whether the boundary voxels

should belong to the structure or not
VURREETERTRELDRAERZEBAR T ZEWR—D

e Default correction uses FAST classification method and is run automatically

(uncorrected image is also saved)
« MMRERBIEFASTHN D LG EHTTH, AZBEEITAIRERMNEGREZERE FH)

- ensures that neighbouring structures do not overlap mMRENEHRBIREES

Boundary voxel
BFRER

Interior voxel
RERMAZR




Vertex Analysis TS o#r

e Use a univariate test at each vertex to measure difference in

location (e.g. between means of two groups of subjects)
SN MAEAEERRURNBUEES (B, HAFRENTHE INER)

Controls i Disease m/4

N N
NN



Vertex Analysis TS o#r

e Use a univariate test at each vertex to measure difference in
location (e.g. between means of two groups of subjects)

Controls i Disease m/4

Consider each
vertex in turn

X



Vertex Analysis TS £#

e Use a univariate test at each vertex to measure difference in
location (e.g. between means of two groups of subjects)

Controls i Disease m/4

Consider each
vertex in turn

F P

Do a test on distance of these vertices to average shape
M X LE TR =B IR B



Vertex Analysis TS £

e Use a univariate test at each vertex to measure difference in
location (e.g. between means of two groups of subjects) using
distance along surface normals

BEHIERRERT.
e Results are now given as
images and statistics

done with randomise
ZRUEGIZREE, ZitEN
randomiseFE % 5k

e Can do analysis in MNI

space or native

structural space
B[EMNIZ B s M == (B R T o4

* MNI space analysis

normalises for brain size
MNIZS (B 347 3 A BIA/ BT T AT AL



Running FIRST ;&13rIRsT

* |Inputs: #A:
- Ti-weighted image T E1%
- Model (built from training data) - provided with FSL
RECRBIIZEUR) - FSLSFB

e Applying FIRST RZFFIRST
- A single command: run_first_all ;z5/72—&%<: run_first_all

|. registers image to MNI152 |mm template
IEEMKECEZIMNIS2 Immi&HR

2. fits structure models (meshes) to the image
BFEMRB (NSNS EIRIG L

3. applies boundary correction (for volumetric output)
R A SRRLE (BB AR E R )

* Analysis: £1:
- Use command: first_utils z176<: first_utils
* volumetric analysis (summary over whole structure)
R D (BARGENEL
* vertex analysis (localised change in shape and/or size)

* randomise (with multiple comparison correction) (ZEtHRKIE)



—
o
P

Volume in mm?
[
=)
w

BIANCA

Segmentation of White Matter

Hyperintensities / Lesions
ARSESXAEkto &l

50

60
Age
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Lesion/WMH Segmentation mit/wMH5 )

WMH = White Matter Hyperintensities (leukoaraiosis)
WMH = A& 5 X (i B RETATE)

Not enough voxels
to work with
histograms

E EBI R E S E

automated g




Lesion/WMH Segmentation mit/wMH 3

Brain Intensity AbNormalities Classification Algorithm (BIANCA)
RNingEREDREA
Training dataset j)lIZEE

Binary
lesion
mask

Z %
hiEtk

\ 4
BIANCA

Lesion
probability
map

At iR E

Griffanti et al., Neurolmage 2016



Methodology 7%

kNN method kNN
» Anbeek et al, 2004, 2008
» Steenwijk et al, 2013 . .

Each point is from one voxel in a .
training image (labelled positive or
negative)

B REE B KRG HN—MEARZ (FHRATC N E * eteLe
£k ) X

Feature 2
®

Data at each point comprises intensities, .
coordinates, local averages, etc. Foature |

(features)
BTRNBEEEEE. #in. BEFESFAEFEE)

k=9; p(positivert)=7/9=0.78

New data point: kNN picks k nearest neighbours for a voxel of

interest and calculates the ratio of positively and negatively
labelled ones =» probability of being positive (e.g. lesion)
FTAVEIE S . KNNIEFR BB RN T &L B[ A T B EN AR E/ SRS — 1%
R IETMERIBEER (AN FR L)



Methodology - options 71

- Many options exist: & Z iM%

» modalities (e.g. FLAIR, T2w, T I w) &z5@nrLAR T2004%, T 1A04R)

FLAIR + T1 FLAIR only




Methodology - options 71

e0 esese

Many options exist: B Z %I

» modalities (e.g. FLAIR, T2w, T | w) &35 @E0FLAIR T2004X, T 1504X)
» features (e.g.local averages, MNI coordinates) 43 @nBE9{E, MNIAHT)




Methodology - options 71

Many options exist: &%k

» modalities (e.g. FLAIR, T2w, T | w) #&5@E0FLAIR T2A04Z, TIANY)
» features (e.g. local averages, MNI coordinates) 434 \l/S 3918, MNIAHT)

» training (e.g. type of scans, no. voxels, locations sampled)
ZRENEAERE AR NE R FUE)

Any WMH load Low WMH load High WMH load

EEWMHER RWMHER SWMHER

‘gm VTN

o

AR

noborder surround 2000 WMH
10000 non-WMH

manual mask B non-WVH selection region manual mask ¢ WMH trainin pomts non-WMH trainin
FEhER FEWMHIERR X1 FahEtR WMHIlIZRR FEWMHI




Methodology - options 71

- Many options exist: B Z %L

» modalities (e.g. FLAIR, T2w, T | w) #&z5@0FLAIR, T2H04%, T1504Y)
» features (e.g. local averages, MNI coordinates) 434 {&E&0/EER91E, MNIZHTR)

» training (e.g. type of scans, no. voxels, locations sampled)
MZRENEAFERE AR ENE, RFUE)

» post-processing (Thresholding and Masking cerebellum, thalamus,
inferior deep and cortex masked out)

4038 (EiREEM B FENR: BN, RN, AEUREXRRANREEEIRICHRT)




Applications FIf oesmexe

Correlation with visual ratings

T2-FLAIR+T1

T2-FLAIR+T1 masked masked patch D=3

Low WMH load High WMH load

No border

2000 WMH 10000
non-WMH (no border)

Equal (no border)

Manual mask BIANCA[1]

Algorithm optimisation &Lt

SI=0.76 ICC =0.99

!
\

o

|

v

t
'\

Surround

BIANCA [2]
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Griffanti, et al., Neurolmage 2016



Volume in mm?

Applications R
UK Biobank - 10,000 SUbjeCtS it

10°
104
103 i
)

10?

1
1

%40 50 60 70 80
Age

Significant correlations with: 2&iax1%:

-20)

* systolic blood pressure w#E(r=0.13, p<I10

* diastolic blood pressure &#E(r=0.11,p<10"°)  Afaro-Almagro, et al,
Neurolmage 2017



Applications [F

Correlation with visual ratings

Correlation with age

Correlation with cognitive score

S5MRiFEosExXxR S5FiRItERK R S5i\HE8oIEXxXZR
o - oo o 8 o 8
05t o ° < 05t 05| °© 8 B8
o o o Qo0 4 8 8
o )| oo o cgfagiiad,
_ _ o of o 8880858855 °
I £ % °o o O g o e § 8 o g
g-o.s- g-u.s- = . o9 OO§0 g P
g g é-n.s. 0 ° Og 808 8”'%
- SERELIEI HT ]
o 0% 8¢ é g 8
o “8,.838¢
15k 15[ T ©og 8
s}
2l s L L L s -2 ' L L . ' L ' ' L ' A5 s . s |
0 5 10 15 20 25 30 10 20 30 40 50 60 70 80 90 100 15 15 50 55 20
ARWMC score AGE MOC A score

VOXEL-WISE ANALYSIS {8Z 51

Vascular cohort - Higher WMH and lower FA in subjects with cognitive

impairment (Cl) according to both MMSE and MoCA vs subjects with no CI.
MERFI- 52BN ANMIRAELL, AR5 (BT ETMMSEFIMoCA) RN B RS HIWMHAREN 2 & [ F 4.
Zamboni, et al., Stroke 2017



FSL-VBM

Voxel-Based Morphometry with FSL tools
{EAFSLT B#THIE T RRNZSNE

To investigate GM volume differences voxel-by-
—

voxel across subjects sFuzmrTRRILENRFEFRES




Voxel-based analysis of local GM volume
ETRERNBE I ATR o

e Somewhat controversial approach zzswms=
(e.g. what exactly is it “looking at”? ) exmsEetar

e BUT - it gives some clues for: g2 erssre—ramnEs:

- volume/gyrification differences between populations
REAR 2 RS RAEEES

- correlations with (e.g.) clinical score gimsismFTs xR

- fMRI/PET results “caused” by structural changes
R HEMENLSIEIMRIPETER

* Currently it is very widely used, although some other alternatives
exist Bz ENERARRIIZN, RETEHMBRITENEE
(e.g. surface-based thickness analysis, #gimEFxmEuREERESH
tensor/deformation-based morphometry) =FkammarsnEs



Voxel-based analysis of local GM volume
ETRERNBE I ATR o

* No a priori required = whole-brain unbiased analysis
TR = LIRS

* Automated = Reproducible intra/inter-rater
EEIt = BT E SR EEANA LR

® Quick

* Localisation of the GM differences across subjects
AR R KR E R

= non-linear registration i

* Trade-off: i:
- not enough non-linear = no correspondence 4 HTFR=2ERHXR

- too much non-linear = no difference (in intensities)
LM B=(CEE D)REER



Voxel-based analysis of local GM volume
ETRERNBE I ATR o

® Optimised protocol (Good et al,, 2001) szt

) Segmentation: BET then FAST to get GM partial
volume estimate #gi: s%EBETERFASTHRIRSRRER L AR EIT




Voxel-based analysis of local GM volume
ETRERNBE I ATR o

e Optimised protocol (Good et al., 2001) ez
2) Make a study-specific template sisiseFmsnzR

& non-linearly register all images to it (FNIRT)
$5FRE BRI B BIEHR_E (FNIRT)

Make template by
iteratively
registering images
together, starting
with a standard
template

MIERRTTE, B R E
E&EC /R — R Bl E R

X patientsji A\ X controls |40,

Q 7 <

Want equal
numbers of patients
and controls

FEMAANIZERIBNARERF




Voxel-based analysis of local GM volume
ETRERNBE I ATR o

e Optimised protocol (Good et al., 2001) #wse=
3) “Modulation”: compensates tissue volume for the non-

linear part of the registration (FNIRT)
R AMEEDEEL IS A LUATR(ENIRT)




Jacobian modulation
ST Lb R

ALY 1

-
L




Jacobian modulation
e LbEE

o




Jacobian modulation
ST Lb R

Jacobian

~3mm? in original space lmm? in warped space
[RIAZE B ~3mm? LIREHIZEF S I mm?



Jacobian modulation
ST Lb R

HEEEEEEE
Jacobian ~1/3 44—t | |

AN TEE
EEE. W
TT T T

~|/3mm? in original space lmm? in warped space
IR = [B]FH~ 1/3mm? ETIREHIZ B R | mm?

=




Jacobian modulation
ST Lb R

o S
i m
~|mm? in original space lmm? in warped space

[RIGZ= (B~ | mm? ETHENZEFN Imm?



Voxel-based analysis of local GM volume
BT REZRN BRI o1

Jacobian map: correction for #EtE: BFRHI KK
local expansion/contraction #%&iE

Results in
Uncorrected ) !
GM results correct”’” amount
of local GM

S E IR R L
FREMRELR F local ¢



Voxel-based analysis of local GM volume
BT REZRN BRI o1

e Optimised protocol (Good et al., 2001) #wse=

4) Smooth with a Gaussian filter
{EFIB AT T IR AR




Voxel-based analysis of local GM volume
BT REZRN BRI o1

* Optimised protocol (Good et al., 2001) ft#eat

Processing steps stz Analysis 547



Voxel-based analysis of local GM volume
BT REZRN BRI o1




Voxel-based analysis of local GM volume
BT REZRN BRI o1

* Controversial approach - back to the issues: ##xE# s =B @A :

|) Interpretation of the results - real loss/increase of volume!?
STERVEER - BRI RUR /B0 T 157

Courtesy of
John Ashburner

John Ashburnerf45



Voxel-based analysis of local GM volume
BT REZRN BRI o1

e Controversial approach - back to the issues: ##xE$iH 5% EREAS :

Mis-classify
Or si£... -
- Difference in the contrast? sfttegFRE? ,
Folding
- Difference in gyrification pattern? gR&#EEXTE? e

- Problem with registration? ggsmmaEm? |, . :
Mis-registe
PHIRACHE



Voxel-based analysis of local GM volume
BT REZRN BRI o1

e Controversial approach - back to the issues: #Eiws#-EEEES:

2) Continuum of results, depending on: #RmEEEIAT:
- Smoothness (Jones 2005) &=
- DOF of the nonlinear registration (Crum 2003) sgumstamE
- Template? x>
- Software!? sy

__, See Ridgway et al.,, Neurolmage 2008 for best practice

E{E#¥1E15Z JlRidgway et al., Neurolmage 2008



Voxel-based analysis of GM volume
BT REHURIR o

o Useful literature/examples: smuxitszs

- Longitudinal protocol in FSL: rsiasammsszt:
Douaud et al., Brain 2009

Direction of change
over 2.5 years

In controls
In patients

* - Comparisons of longitudinal protocols and softwares:
REAEER S R IEL
Thomas et al., Neurolmage 2009



SIENA

Structural Image Evaluation (with Normalisation) of
Atrophy
Z BRSBTS (B FEINER)

Multiple- and single-timepoint analysis of brain change
RINZEAR S8 R B8 R0

original voxelwise
global-only local-only
estimation estimation

(R BT | 10 BT

tim;‘;’;nts Longitudinal FSL-
(atrophy rate) SIENA QM[':'J/FEI_It/\I/BM
Y [B] R (EFEE)
single
timepoint SIENAX FSL-VBM

(atrophy state)
B ERERIRT)




SIENA Longitudinal atrophy estimation smzsmirss

|. BET: find brain and skull - applied to both time points #ZIARF - BT E S L
2. FLIRT: register to half-way space (similar interpolation for 2 points)
FLIRT: 4§ B EC 2 AR 8 == [8) (P 1 BT (8] SR AR I AR (E )
3. Atrophy estimation using edge motion {£Fh%&iaah kit E45
3.1. Run FAST, then sample normal profile of brain-non brain boundary
BATFAST LA IS SRAERN S JERZA 4310 SR 49 LE S s
3.2. Take derivative of both time points’ profiles and calculate shift for each
boundary point: blue=atrophy, red="growth”
EXAI Y (B AR BRI R TT BB — MR mAufg: Be=54 A e=18K"
4. Average over all edge points and conversion to % brain volume change (PBVC)
BB NRRNUBTIE, FHIGEERRARFRENE D E%PBVC)
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SIENAX Cross-sectional atrophy estimation wsmzsit

. BET :find brain and skull #zxfx5 e

FLIRT : register to standard space using skull for scaling
FLIRT JGEGRECERITMERE, ETKEHITHI

. Use standard-space masking to remove residual eyes/optic nerve

{8 AR AT/ == [ R SR S R T4 B AUAR 15/ A4 22

. FAST : partial volume segmentation of tissues sHFHTHH KRS 2
. Output : normalised brain volume (NBV) iz AR

Note: NBV is useful for including as a head/brain-size covariate in other

structural analyses (e.g. FIRST, VBM, etc.) NBV
o AFERMEMN DN (GIZIFIRST, VBMZEF) AGHEEN LB/ ARMANIIHIE



The End &%

* FAST tissue-type segmentation @gxmsz)

* FIRST sub-cortical structure segmentation mET%15

* BIANCA segmentation of white matter lesions amEmit5

e FSL-VBM voxelwise grey-matter density analysis #zrzEzzEs
* SIENA/SIENAX global atrophy estimation gzt



