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Exploratory Spatial Analysis

* Generally requires spatial smoothing of data to
increase SNR

* For group analysis, requires that subjects’ brains
be aligned to each other on a voxelwise basis.

* Neither needed for an ROI analysis

* Smoothing and inter-subject registration can be
performed in the volume or surface.

Coordinate Systems: 3D (Volumetric)

* 3D Coordinate System
*XYZ
* RAS (Right-Anterior-Superior)
* CRS (Column-Row-Slice)
* Origin (XYZ=0, eg, AC)
* MR Intensity at each XYZ

Why Surface-based Analysis

- Function has surface-based organization
- Inter-subject registration: anatomy, not intensity
- Smoothing

- Clustering
- 2D ReHo other than 3D ReHo

Why is a Model of the Cortical Surface Useful?

* Local functional organization of cortex is largely 2-dimensional!
Eg, functional mapping of primary visual areas:

Coordinate Systems: 2D (Surface)

Sheet: 2D Coordinate System (X,Y) Sphere: 2D Coordinate System
y « Latitude and Longitude (0, ¢)

« Continuous, no cuts
* Value at each point (eg, thickness
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Curvature
« SULCUS (+)
* GYRUS (-)
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Inter-subject Registration

Surface-based Inter-subject Registration

Subject 1 Subject 2

Curvature “Intensity”
« SULCUS (+)

* GYRUS ()

« Codes folding pattern

« Translate, Rotate, Stretch, Shear (12 DOF)
« Match Curvature, Vertex-by-Vertex

« Nonlinear Stretching (“Morphing”) allowed (area regularization)

« Actually done on sphere ‘ ‘
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« “Spherical Morph”

fsaverage

« Has “subject” folder like individual FS subjects
* “Buckner 40” subjects

* Default registration space

* MNI305 coordinates

?h.average.curvature.filled.buckner40.tif
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Volumetric Inter-subject Registration

* Affine/Linear
* Translate
* Rotate
* Stretch
* Shear
* (12 DOF)

* Match Intensity, Voxel-by-Voxel
* Problems
« Can use nonlinear volumetric

A Surface-Based Coordinate System

Common space for group analysis (like Talairach) 10
Basco o Froceer
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Surface-based Inter-subject Registration

« Gray Matter-to-Gray Matter (it’s all gray matter!)
* Gyrus-to-Gyrus and Sulcus-to-Sulcus

» Some minor folding patterns won’t line up

* Fully automated, no landmarking needed

* Atlas registration is probabilistic, most variable
regions get less weight.

* Done automatically in recon-all

* fsaverage




Spatial Smoothing

Why should you smooth?
* Might Improve CNR/SNR
* Improve intersubject registration

How much smoothing?

* Blob-size

* Typically 5-20 mm FWHM

* Surface smoothing more forgiving than volume-based

Based on Freesurter Cour:
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olume-based Smoothing

* 5 mm apart in 3D

* 25 mm apart on surface!
* Kernel much larger

* Averaging with other
tissue types (WM, CSF)

* Averaging with other
functional areas

R

Based on Freesurter Cour:
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Zuo et al., 2013. Neuroimage
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Volume-based Smoothing

* Smoothing is
averaging of “nearby”
voxels

R

Based on Frecaurter Cour:
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3D ReHo

Regional Homogeneity (ReHo)

Similarity or coherence of the time courses
within a functional cluster
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Zang et al., 2004. Neuroimage
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Zuo et al., 2013. Neuroimage
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Why Surface-based Analysis Why Surface-based Analysis

The impact of traditional neuroimaging methods on
the spatial localization of cortical areas

Timothy . Coalson®, David C. Van Essen™', and Matthew F. Glasser*®'

- Function has surface-based organization
- Inter-subject registration: anatomy, not intensity

“Department of Neuroscience, Washington Uriversity School of Medicine, St Louis, MO 63110; and 'St Luke's Hospital, . Louis, MO 63017

- Smoothing

Contributed by David C. Van Essen, May 17, 2018 (sent for eview January 25, 2015; reviewed by Alexander L Cohen, James V. Haxby, and Martin | Serenc)

. Locaiting human brain function is a longstanding goal in  mapping using Gausian random-field theory equires olumetric
- Clustering systems neurosdence, Toward this goal, neuroimaging studies
e adiionaly sed velame-based smoathing, regstered dats
R 10 volume based Standard spaces, and reported resuts relative to
2D ReHo other than 3D ReHo lume-based parcellations. A novel 360-area surface-based corti- tistical significance of weak effects in small
cal parcellation was recently generated using multimodal data  sample sizes, but at the expense of spatial localization precision
an ion (9, 10). Traditionally, smoothed group functional ac
then statistically thresholded and summarized by s
ordinates tht may he assigned Brodmann’ ar
fortumtely, these s

DPNAS |

of this parcellation has frequently been requested for use with
traditional volume-based analyses. However, given the major
methodological differences between traditional volumetric and
Human Connectome Project-style processing, the utiity and in-
terpretability of such an aktered parcellation must first be estab-

parceliations and processing them with different methodological
approaches, we show that traditional processing steps, especilly
volume-based smoothing and registraion, substantially degrade
corial area loclzaton cmpared with surace based approsches
We also show that surface-based registration using features
W aso s that suraca-hased gloatln Wt Jexts ity . cosiol Eodng. paitrts, mid in 1 Joation of
improves the alignment of areas, and that the benefits of high.  many areal boundaries relative to folds (11, 12), traditional
Tesohtion acquisitons are fargely unexploited by traditonsl volume.  olume-based methods for aligning cortical areas are imprceisc
based methods, Quantitatively, we show that the most common _dcross much of the cercbral cortex (9). Progress in character-
version of the traditional approach has spatial localzation that s

only 35% as good as the best surface-based method

nment. Because of the high degro

I probabilt tions and the lack of an accurate map of human cortical areas.
area fracton” for maximum probabiity maps). Finaly, we demon-
Significance
represent volume-based group analysis results on the surface,
which has important implications for the interpretabilty of studies, | yost human brain-imaging studies have traditionally used

19 [ both past and futre,that use these volume based met low-resolution images, inaccurats msthods of cross-subject

Based on Freesurter Cour:
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Why Surface-based Analysis Why Surface-based Analysis

A No Smoothing 4mm FWHM 8mm FWHM

Y
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Fig. 1. Probabilistic maps for five areas using both MSVIAI arealfeature-
based surface registration and FNIRT volume alignment. The volume basec
peak probabilties are all lower than the surface-based probabilties for
these example areas. Each volume-based area is shown on a parasagittal shicc
through the peak volumetric probabilty. See S/ Appendi, Supplementa
Methods M2 and V3. Data are available at hitps:fbalsa wustLeduhKOZ.
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Tempora Dynamic Analysis:
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Widespread adoption of surface-based approaches has been
slow: the desire to replicate or compare with existing studies that
used the traditional volume-based approach; the relative lack of St s
“turn-key” tools for running a surface-based analysis; the learning Vi
curve for adopting surface-based analysis methods;
unawareness of the problems with traditional volume-based
analysis; and uncertainty or even skepticism as to how much of a
difference these methodological choices make.

Stendardization

Utites:

The R-fMRI Maps Project

Coalson et al., 2018. PNAS 23
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DPABI

DPARSF 4.5

Temporal Dynarmic Andlysis

Qualty Control

‘Stendardization

Statitical Analysis

Viewer

Utities:

The R-fMRI Maps Project

DPABISUrf

ﬁ"% DPABI
Surf

Instal

DPABISU Pipsine

Temporal Dynamic Analysis

Standardization

Statistical Analysis

Viewer

Utiites

VNG Viewer with DPABISurf Docker

‘The R-fMRI Maps Project
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Based on Freesurter Cour:
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Based on Freeaurter Cour:
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Based on Freeufer Cource

surface
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Based on Frecurfer Cours
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Call FreeSurfer...

FreeSurfer creates computerized
models of the brain from MRI data.

Input: Output:

T1-weighted (MPRAGE) Segmented & parcellated conformed
Imm?’ resolution volume
(.dem) (.mgz) 31

Volumes

filled.mgz
(Subcortical Mass)

orig.mgz Tl.mgz brainmask.mgz wm.mgz
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Cortical vs. Subcortical GM

subcortical gm

saginal

coronal
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Cortical vs. Subcortical GM

cortical gm

subcortical gm

13

sagittal

coronal
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Parcellation vs. Segmentation

(cortical) parcellation

(subcortical) segmentation
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Processing Stream Overview

T1 Weighted Skull Stripping Volumetric Labeling Intensity
Input Normalization

Gyral Labeling =S§ Surface Atlas White Matter
1] Surface Extraction Registration Segmentation
[Based on Freesurfer Coure 37
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fMRI Regist
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L] DPABI

DPARSF 4.5
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Temporal Dynamic Analysis

Qualty Control

‘Stendardization

Statistical Analysis

Viewer

Utites:

‘The R-fMRI Maps Project
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fMRI Registration

. . Native Anatomical
Native Functional Space

Space fsaverage Space

fMRI in
fsaverage Space
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Based on Frecaurter Cour:
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DPARSF 4.5

DPABISU 1.1

Temporal Dynamic Andlysis

Quaty Control

Standardization

Statistcal Analysis:

Viewer

Utites

The R-fMRI Maps Project
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» DPABI
Surf

Instal
DPABISU Pipsine
Temporal Dynamic Analysis
Standardization
Statistical Analysis
Viewer
Utiites
VNG Viewer with DPABISurf Docker

The R-1MRI Maps Project
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ene DPABISurf_Pipeline
DPABISurf Pipeline
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# /LEDPABI/DPABISurf/DPARSF
BHREBEINE (F30) #s
2021.3.27~3.29
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2021.4.24~4.26
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The R-fMRI Course V3.0
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Thanks for your attention!
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