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BOLD Contrast Sensitivity is Echo Time Dependent

4 Tesla Gradient Recalled Echo Characteristics of Photic
Stimulation-Induced Signal Changes in the Human

Primary Visual Cortex
Ravi S. Menon, Seiji Ogawa, David W. Tank, Kadmil Ugurbil
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Experimental Determination of the BOLD Field Strength
Dependence in Vessels and Tissue

Joseph S. Gati, Ravi S. Menon, Kamil Ugurbil, Brian K. Rutt
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Best BOLD contrast happens for TE =T," of Target Tissue




BOLD Contrast Sensitivity is Echo Time Dependent

Posse S et al. NMR (1999)

1.5 T Scanner

Best BOLD contrast happens for TE =T," of Target Tissue



ADULTS

T2* Varies substantially across subjects and regions

Table 1. Mean corrected T>" values for all regions and field strengths

Field strength (T)  Grey matter (ms) White matter (ms) Caudate (ms) Putamen (ms)
15 84.0+0.8 58.8+2.4 55.5+2.3
3 66.0+1.4 41.3+2.3 31.5%£2.5
7 33.2£1.3 19.942.0 16.1£1.6

Table 3

Peters et al. MRM (2007)

Average Tz in Brain at 3.0 T (N = 7 males)

Tz + std. error (ms)

(msec, +SE)
Frontal white matter 447 +1.2
Frontal gray matter 51.8 £ 3.3
Occipital white matter 48.4 + 45
Occipital gray matter 416 +2.0

Wansapura et al. JMRI (1999)

T2* CHANGES WITH AGE

Table 3

Average T, Within the Whole Brain and Four Regions of Interest

Range of Mean

Region of Mean Values Across
Interest T; £SD Participants
Whole brain 99+8 91-115
Anterior cingulate cortex 113 =18 96-150
Insula 131 = 11 116-149
Postcentral gyrus 876 78-96
Thalamus 106 = 8 98-122

Mean T values calculated across the whole brain and in four dif-

ferent ROIs from infant 7; maps (n=7).

ROI, region of interest; SD, standard deviation.

Review article carefully. As needed, abbreviations deleted at only

mention and expanded at first mention.

Hagberg et al. MRM (2012)

adult

PBO04

Table 3: Pearson correlation coefficients and corresponding P
values for each ROI localization and the age dependence of T2*,
T2', and T2 values

T2 Values, ROI Pearson Correlation

Localization Coefficient P Value
T2*_caudGM —0.34 001*
T2*_lentGM —0.67 001*
T2*_thalGM 0.10 336
T2*_frontal WM —0.01 933
T2*_opWM 0.4 .001*
T2*_sWM 0.45 001*
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Alternative: Acquire data at multiple echo times

Time [s]
A
LF | 4.0%A
L
-
£
(7p)
'6.0 N

Time [s]
Now, we have N, (e.g., 3) Time series per voxel, one per echo time (TE,):
* No SARcost, as there are no additional excitation pulses.

* Lossintemporalresolution.

* Loss inspatial resolution: to ensure sufficient signal levels in last echo.



Multi-Echo fMRI Timeline
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Dual Echo for separating inflow and BOLD

Decomposition of Inflow and Blood Oxygen Level-
Dependent (BOLD) Effects with Dual-Echo Spiral
Gradient-Recalled Echo (GRE) fMRI

Gary H. Glover, Susan K. Lemieux, Maria Drangova, John M. Pauly

First Acquisition T-score Maps

So
(Intercept
at TE=0)

(a) (b) (c)

1.5T| 1 Slice | TE=6.7,47.7 | TR = 100ms



Dual Echo for denoising BOLD data

3T |18 Slices | TR=2s| 3.4x3.4x5 mm | TE; = 3.3ms, TE, = 35ms

RETROICOR: respiration

Significantly correlated with at least one respiratory
RETROICOR regressor (p<0.05, Bonferroni corrected)

RETROICOR: cardiac

-1.0 0 +1.0
Correlation Coefficient

(p<0.05, Bonferroni corrected)

. Significantly correlated with at least one cardiac
RETROICOR regressor (p<0.05, Bonferroni corrected)

Bright & Murphy "Removing motion and physiological artifacts from intrinsic BOLD fluctuations using short echo data” Neurolmage (2013)



Dual Echo for denoising BOLD data

3T |18 Slices | TR=2s| 3.4x3.4x5 mm | TE; = 3.3ms, TE, = 35ms
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Bright & Murphy "Removing motion and physiological artifacts from intrinsic BOLD fluctuations using short echo data” Neurolmage (2013)



Dual Echo for denoising BOLD data

Subject TE1=3.3 ms TE1=10 ms

Traditional TE1 % Change Traditional TE1 % Change

preprocessing regression preprocessing regression
No. of activated voxels
1 1103 882 —20.0% 988 566 —42.7%
2 1187 1002 —15.6% 1366 900 —341%
4 1181 1051 —11.0% 987 731 —25.9%
5 1031 851 —17.5% 1970 1293 —34.4%
6 1568 1354 —13.6% 2108 1563 —25.9%
8 1535 1167 —24.0% 2646 1813 —31.5%
9 1697 1360 —19.9% 2288 1629 —28.8%
10 2439 2193 —10.1% 2228 1438 —35.5%
Average 1468 1233 —16.5% 1823 1242 —32.3%*
Mean t-statistic
1 15.2 13.5 —11.0% 16.4 11.8 —28.1%
2 16.2 14.4 —11.1% 219 149 —31.9%
4 254 21.7 —14.7% 18.2 144 —20.6%
5 15.5 13.7 —11.2% 319 18.2 —43.0%
6 20.6 16.6 —19.5% 28.3 18.6 —342%
8 18.8 15.0 —20.1% 35.2 199 —43.4%
9 16.0 13.7 —14.0% 25.3 16.3 —35.6%
10 249 199 —19.9% 194 13.2 —32.2%
Average: 19.1 16.1 —15.2% 24.6 159 —336%*

Bright & Murphy "Removing motion and physiological artifacts from intrinsic BOLD fluctuations using short echo data” Neurolmage (2013)
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Voxel/Time-wise Fit of Exponential Decay

Functional Imaging by I,- and T,*-Parameter Mapping
Using Multi-Image EPI

Oliver Speck, Jiirgen Hennig

Magnetic Resonance in Medicine 40:243-248 (1999)
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FIG. 5. Time course of |, (top) and T," (bottom). Values within the
areas with a correlation coefficient >0.3 were averaged for a
single subject. The gray shaded areas correspond to the time the
visual stimulus was turned on. It is clearly visible that the signal
drift in the data is due to an I, drift only.
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FIG. 7. Results of a first experiment to demonstrate the possibility
to separate 7,* (bottom) from |, (top) effects. Only one slice has
been measured with a TR of 200 ms and eight echo images per
excitation. The shaded areas represent the time periods of visual
stimulation. The increase not only in T,* (BOLD) but also in |,
(inflow) is clearly visible.
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Combination of Echoes

Magnetic Resonance in Medicine 42:87-97 (1999)

Enhancement of BOLD-Contrast Sensitivity by Single-Shot
Multi-Echo Functional MR Imaging

Stefan Posse,'* Stefan Wiese,! Daniel Gembris,' Klaus Mathiak,! Christoph Kessler,?
Maria-Liisa Grosse-Ruyken,' Barbara Elghahwagi,' Todd Richards,? Stephen R. Dager,3

and Valerij G. Kiselev'

Exponential Fitting

wvexel intensity / a.u ~
33388883888

a TE/ms

« Computationally
expensive
* Noisy at voxel-level

Simple Echo Summation

N
S@) =, S@,, TE,)
n=1

* Computationally
inexpensive

* Laterlongechoes might
degrade the average

Weighted Echo Summation

N
S@t) = 2, S(t,, TE,)w(TE,)

n=1

TEH TEH
w(TE,) = —exp|—
T

* Computationally
inexpensive
* Requires T2* estimates

Combine Statistical Maps generated
separately for each echo

b Avg.of12Echoes

Comb(t)

SPMs

SF)MComb




Combination of Echoes

Magnetic Resonance in Medicine 42:87-97 (1999)
Publications Per Year

Enhancement of BOLD-Contrast Sensitivity by Single-Shot
Multi-Echo Functional MR Imaging

ME + (IMRI| or REST) MRl or Rest

Stefan Posse,'* Stefan Wiese,' Daniel Gembris,' Klaus Mathiak,' Christoph Kessler,?
Maria-Liisa Grosse-Ruyken,' Barbara Elghahwagi,' Todd Richards,® Stephen R. Dager,?
e and Valerij G. Kiselev'
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Combination of Echoes

Magnetic Resonance in Medicine 55:1227-1235 (2006)

Publications Per Year

| BOLD Contrast Sensitivity Enhancement and Artifact
‘ Reduction With Multiecho EPI: Parallel-Acquired
Inhomogeneity-Desensitized fMRI

Benedikt A. Poser,” Maarten J. Versluis,? Johannes M. Hoogduin,? and David G. Norris’
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Combination of Echoes

: - . .
Weights Reqlflres T2* | Weights vary Weloghts.; vary
estimates by voxel with time

Simple Summation w, = 1/N

(Posse 1999)

: TE
TE-Combined Wn = o
Zi=1TEi
* . —TEp
T, -Combined TE, - e 5
(OC*/BOLD*) Wn = —TE;
(Posse 1999) YN TE;-e / T
tSNR-Combined . = ONEn - Thy
(Poser 2006) " YN _tSNR; - TE;
—TEn/
* q . T, —FIT
T,"-FIT Combined w (6) = —nre T
n

(Heunis 2021) —TEi/ .
N T} —FIT (¢
>N TE;-e 2 (t)

*a.k.a. Optimally Combined (OC) in Kundu et al. 2012
*+a.k.a. BOLD weighting in Poser et al. 2006

Heunis et al. “
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The effects of multi-echo fMRI combination and rapid T2* mapping on offline and
realtime BOLD sensitivity” Neurolmage (2021)



Combination of Echoes
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Source Extraction Methods

IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING, VOL. 2, NO. 6, DECEMBER 2008

Extraction of Task-Related Activation From
Multi-Echo BOLD fMRI

Pieter F. Buur, David G. Norris, and Christian W. Hesse, Member, IEEE

-
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11 W

Multi-channel Signal Framework

signal %3 measured

soulres components e data
e
motion Sy ASO 1
cardiac P AR; e,
respiratory / R'2 / :
BOLD :

s1.n (), n(t) A x(t)

x(t) = As(t) + n(t) | N,s(t)& A unknown

x(t) = S,(t) - e TER2(O 1 ()

x(t) = As(t) + n(t)

(1) Data must be linearized:
log(x(t)) = log(S,(t)) — TE - R3(t)

SPC(t) = AS,(t)/S, — TE - AR3(¢t)
21Cf : . o1 Model/ Priors:

e Statistical Decomposition: PCA, ICA



Source Extraction Methods

IEEE JOURNAL OF SELECTED TOPICS IN SIGNAL PROCESSING, VOL. 2, NO. 6, DECEMBER 2008

Publications Per Year
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| /-"’ Extraction of Task-Related Activation From
i Multi-Echo BOLD fMRI
i P ol Pieter F. Buur, David G. Norris, and Christian W. Hesse, Member, IEEE
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Quality measured in terms of correlation to task (SCD) / correlation to motion (SCM)



Publications Per Year

ME + (IMRI| or REST) MRl or Rest

TE-ICA Denoising (ME-ICA/tedana)

Multiplexed Echo Planar Imaging for Sub-Second Whole
Brain FMRI and Fast Diffusion Imaging

David A. Feinberg'>3*, Steen Moeller?, Stephen M. Smith®, Edward Auerbach*, Sudhir Ramanna’, Matt F.
Glasser®, Karla L. Miller®, Kamil Ugurbil", Essa Yacoub®

1 Advanced MRI Technologies, Sebastopol, California, United States of America, 2 Helen Wills Institute for Neuroscience, University of California, Berkeley, California,
United States of America, 3 Department of Radiology, University of California San Francisco, San Francisco, California, United States of America, 4 Department of
Radiology, Center for Magnetic Resonance Research, University of Minnesota Medical School, Minneapolis, Minnesota, United States of America, 5 Oxford Centre for
Functional MRI of the Brain, University of Oxford, John Radcliffe Hospital, Oxford, United Kingdom, 6 Anatomy and Neurobiology, Washington University School of
Medicine, Washington University, St. Louis, Missouri, United States of America
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TE-ICA Denoising (ME-ICA/tedana)

Publications Per Year Contents lists available at ScienceDirect
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ME-ICA vs. tedana

TE-dependent analysis of multi-echo fMRI with tedana

Contents lists available at ScienceDirect

Neurolmage

journal homepage: www.elsevier.com/locate/neurocimage

CrossMark

Multi-echo fMRI: A review of applications in fMRI denoising and analysis of @
BOLD signals

Prantik Kundu™", Valerie Voon”, Priti Balchandani®, Michael V. Lombardo®, Benedikt A. Poser”,
Peter A. Bandettini®

« |CA+ TE-Dependence Analysis for denoising
* Full Pre-processing Pipeline

e Complex Decision Tree

* Relied on FSL/Melodic for ICA

 Hard to modify / extent
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Started as an effort to improve ME-ICA (without preprocessing)

Python library for denoising of multi-echo fMRI data

Dual Interface: Command Line / Python API

Dynamic Reporting Tools

Includes different workflows / pipelines

Integration with AFNI_proc.py and fMRIprep
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Full Documentation

# tedana
#  Using tedana from the command line © Edit on GitHub
Using tedana from the command line
tegana minimally requires:
N 1. Acquired echo times (in milliseconds)
MG Socins RUMHN cont I 2. Functional datasets equal to the number of acquired echoes
* Running the tedana workflow
Running the ica_reclassify workflow But you can supply many other options, viewable with tedana -, ica_reclassify -h,of t2sma

Running the t2smap workflow

For most use cases, we recommend that users call tedana from within existing fMRI preprocessing
pipelines such as fMRIPrep or afni_proc.py. fMRIPrep currently supports Optimal combination
through tedsaa , but not the full multi-echo denoising pipeline, although there are plans underway
to integrate it. In the meantime, if you plan to use fMRIPrep and tedana together, please see
[tedana) How do | use tedana with fMRIPrepped data?.

Users can also construct their own preprocessing pipelines from which to call
recommendations on doing so, see our general guidelines for Processing multi-echo fMRI.

Running the tedana workflow

Components

This is the full tedana workflow, which runs multi-echo ICA and outputs multi-echo denoised data
along with many other derivatives. To see which files are generated by this workflow, check out the
outputs page: https://tedana.readthedocs.io/en/latest/outputs.html

usage: tedana [-h) - FILE [FILE ...] —e TE [TE ...) [--out-dir PATH]
[--mask FILE] (--prefix PREFIX] [--convention {orig,bids}]
[--masktype {dropout,decay,none} [{dropout,decay,none} ...1]
[-~tittype {loglin,curvefit}] [--comtmode (t25})
[~~tedpca TEDPCA] [-~tree TREE] [--seed INT] [--maxit INT]
[—-maxrestart INT) [--tedort]
[—gscontrol {mir,gsr} [{mir,gsr} ...]] [-—no-reports]
[~~png-ceap PNG_CMAP] [--verbose] [--lowmen)
[~n-threads N_THREADS] [--cebug) [--t2smap FILE] [-—-mix FILE]
[—overwrite] [-v]

QO 8 https:

Install Software

Recommended Reading

THEORETICAL BACKGROUND

MR Physics

Mutti-Echo fi

Rl Sequences
Signal Decay
BOLD, non-BOLD, and TE-

dependence with tedana
Ganerate tedana walkthrough
figures

PRACTICAL RESOURCES
Open Multi-Echo Datasets
Acquiring Multi-Echo Data

Processing Multi-Echo Data

AMALYSIS TUTORIALS

Optimal combination with e2smap
Volume-wise T2%/S0 estimation
with t2smap

Mutti-Echo Denaising with tedane
Dual-Echo Denoising with adearn
IAMEPFM

Cerebrovascular Reactivity
Mapping

Manual Classification with rics

Denaising Data with ICA

FINAL THOUGHTS

ted
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Plot Sy and T* fluctuations and resulting multi-echo data
This shows how 50 and T2* fluctuations produce different patterns in multi-echo data.
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Active Discussion Board

all categories » || tedana

Categories Top

- Transforming multiechodata post tedana using IMRIprep transforms

W Software Support  bdana, anks

Adapting package using Tedana 0.0.8 betas_OC to new pipeline using Tedana 23.0.2

W Softwaen Su

naging, ledana

Tedana - Evaluating Output Measures for Quality Control

W Software Suppor sar, multi-acho

Error trying to launch Tedana

B Software Support tedana

Tedana conda enviroment ymi
W Softwarn Suppart  tedana

Whrong T2* map estimation of multi-echo data
B Software Support fmrgrep, tedana

QC Tedana's Output

W Software Support fripeap, neurcimaging. fmei, fsl, tedana, multi-ocha

ICA components have grey shadow around each brain after upgrade, and different

coOmponents
edana

Running tedana ME-ICA after MORDIC

tedana, nordic

AFNI multi-echo
tedana, afnl, mul-echo, afnl_procpy
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ME-ICA Decision Tree

tedana Decision Tree

Minimal Decision Tree

Built your own decision tree

Minimal Tacisian Tree {Tedkan implementation)
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Kappa/ Rho Plot Variance Explained View Component Map
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ME-based Hemodynamic Deconvolution

Publications Per Year

Contents lists available at ScienceDirect
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Activitv-inducin . .
|V|t¥ inducing Expec’fed BOLD Measured fMRI Signal Estimated Activity
Signal Signal

Inducing Signal

Aa = [Aayq, -, Aay]  h=[hy,-, hl x = HAa n y =HAa+n Aa = [Aay, -+, Aay]

If one assumes the underlying activity-inducing signal to consist of brief, sparse events, then the formulated
deconvolution problem can be solved using LASSO regularization:

Single Echo Sparse Free
Paradigm Mapping
Algorithm

Error Minimization Term
1 1
Ad = argmin = ||y — HAall5 + 1l|Aall,
Aa 2 L J

L1-Norm Regularization
(Sparseness)
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Agenda

d  Why should we consider Multi-Echo acquisitions when
doing fMRI experiments?

d Proposed analytical approaches for Multi-Echo fMRI
Data? (timeline)

T2* Fit

Dual Echo

Weighted Combination of Echoes
Multi-Echo ICA-based Denoising
Multi-Echo Deconvolution

COo0O00

tori

Status of Multi-Echo fMRI Adoption

What can faster gradients do for ME-fMRI?

o O O O

Conclusions



ME-ICA/tedana can: also be applied to animal models
at ultra high field

Individual Rat Seed Based
Connectivity Maps

Kundu et al. “Differentiating BOLD and non-BOLD signals in fMRI time series from anesthetized rats using multi-echo EPI at 11.7T” Neurolmage (2014)



Fast-TR OC-ME OC-ME

ICA-AROMA ICA-AROMA  ICA-AROMA  ME-ICA

TE,

Reliability values in cortex (MEO1: OC-ME vs. Fast-TR SE)
OC-ME + ME-ICA Fast-TR SE + ICA-AROMA

Reliability (R?)
)] S [

Reliability values in subcortex and cerebellum (MEO1: OC-ME vs. Fast-TR SE & TE;)
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ME-ICA/tedana can: reliably map subject-level
functional connectomes with less scan time
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of Individuals using multi-echo fMRI” Cell Reports (2020)



MEiA/tedana can: help study the basal forebrain

Single-echo
© Multi-echo
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Markello et al. “Segregation of the human basal forebrainﬁ resting-state functional MRI” Neurolmage (2018)



ME-ICA/tedana can: help study olfactory responses

Behavioral Testing Session / Fit:ation
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Zhao et al. “Leveraging Multi-Echo EPI to Enhance BOLD Sensitivity in Task-based Olfactory fMRI” BioRxiv (2024)



MEiAltedana can: improve brain association studies
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Within-person pain prediction model

a Condition-level pain ratings
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ME-I}/tedana can: improve reliability of population perceptive field mapping

FMRI task B Voxel timeseries
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Steel A. et al. “Evaluating the efficacy of multi-echo ICA denoising on model-based fMRI” Neurolmage (2022)
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ME-ICA/tedana can: help study slow-changing processes
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Evans et al. “Separating Slow BOLD from non-

LD baseline using multi-echo fMRI” Neurolmage (2015)



ME-ICA/tedana can: help image the brainstem
with cardiac gating imaging

SINGLE-ECHO T.' ESTIMATION ME-ICA
4S 121 4S 121 4S

NON-GATED

CARDIAC-GATED

% SUBJECTS

Gonzalez-Castillo et al. “Evaluation of multi-echo ICA denoising for task based fMRI studies: Block designs, rapid event-related designs and cardiac-gaited fMRI” Neurolmage (2016)
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ME-ICA/tedana can: help image the brainstem
with cardiac gating imaging
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Gonzalez-Castillo et al. “Evaluation of multi-echo ICA denoising for task based fMRI studies: Block designs, rapid event-related designs and cardiac-gaited fMRI” Neurolmage (2016)




ME?A/tedana can: improve quality of overt speech studies

B Time
“So, um, this was last winter,ll was up
Place
11 sec Picture Selection in my attic replacing insulation.th, first
Action Object
I had to bag uplthe existing Ilberglass,l
Perceptual
5sec Picture Display and uh, that was just absolutely filthy
Action
work.ll was trying to roll it up,lum, but
Action Object .
whenever | touchedlthe materlal,lthls
Perc,0bj Perceptual
2.2 sec Stop Cue black dustlwould fly everywhereland it

A RECALL 6-18 MONTHS

116 sec Spoken Narration

Action _External-other
19.8 sec [Tl would rip,|which | guess makes sense
because...
C So um this was last winter | was up in my attic replacing insulation. Uh first | had to bag up
. /.-_ Internal-Time . . Int_ernal-PlaceT “‘-../I Interna[al-Action .
1s 2s 3s 4s 5s 6s 7s 8s 9s

Gilmore et al. “A comparison of single- and multi-echo processing of fMRI

D SE analysis . ME-ICA analysis Overlap

ata during autobiographical recall” Front. Neurosc. (2022)




Agenda

d  Why should we consider Multi-Echo acquisitions when
doing fMRI experiments?

d Proposed analytical approaches for Multi-Echo fMRI
Data? (timeline)

T2* Fit

Dual Echo

Weighted Combination of Echoes
Multi-Echo ICA-based Denoising
Multi-Echo Deconvolution

COo0O00

Success stories

Status of Multi-Echo fMRI Adoption

What can faster gradients do for ME-fMRI?

o O O O

Conclusions
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& Multi-Echo fMRI: How is used nowadays
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Multi-Echo fMRI: How is used nowadays
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& Multi-Echo fMRI: How is used nowadays
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MICA-PNI: Precision Neurolmaging and Connectomics

SoCal Kinesia and Incentivization for Parkinson's Disease (SKIP): Ultra-High Field
Functional Connectivity

Single-echo/multi-echo comparison pilot

Social Reward and Aging: A Preliminary Multi-echo fMRI and Diffusion Dataset

Weill Cornell Medicine Multi-echo (WCM-ME) Dataset

Sequence pilot: multiecho and multiband fMRI

Multivariate Assessment of Inhibitory Control in Youth: Links with Psychopathology and
Brain Function Dataset

NIMH METeR
Denoising task-correlated head motion from motor-task fMRI data with multi-echo ICA

Characterization and Treatment of Adolescent Depression (CAT-D)

Multi-echo simultaneous multislice fMRI dataset: Effect of acquisition parameters on fMRI
data

Heart rate variability biofeedback training and emotion regulation
Le Petit Prince

Neurocognitive aging data release with behavioral, structural, and multi-echo functional
MRI measures

EuskallBUR

Dense Investigation of Variability of Affect (DIVA)

Multi-echo masking test dataset
Valence processing differs across stimulus modalities
Multi-echo Cambridge

Multiband Multi-Echo Simultaneous ASL/BOLD for task-induced functional MRI

Multiband Multi-Echo Imaging of Simultaneous Oxygenation and Flow Timeseries for
Resting State Connectivity
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d  Why should we consider Multi-Echo acquisitions when
doing fMRI experiments?
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How can ME-fMRI benefit from faster gradients

More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage

Signal Dropout

Scanner 1 Scanner 2

@) K& @5 %d
~HRGP }7 Eo)
@m @w e
~BRE R
BRR Ban

Wall MR “Multiband acquisition sequences for fMRI: proceed with caution” Aperture Neuro (2023)

* To achieve this, we oftenrely on increasing in-plane
and multiband acceleration factors

INCREASING MB ACCELERATION




How can ME-fMRI benefit from faster gradients

More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage

* To achieve this, we oftenrely on increasing in-plane
and multiband acceleration factors

* T2* Fitting approaches require improved sampling
of the TE-decay curve.

/

voxel intensity / a.u.
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FIG. 5. Time course of |, (top) and T,* (bottom). Values within the
areas with a correlation coefficient >0.3 were averaged for a
single subject. The gray shaded areas correspond to the time the
visual stimulus was turned on, It is clearly visible that the signal
drift in the data is due to an |, drift only.




How can ME-fMRI benefit from faster gradients

More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage

* To achieve this, we oftenrely on increasing in-plane

. . Subject TE1=3.3 ms TE1=10 ms
and multiband acceleration factors — —
Traditional TE1 % Change Traditional TE1 % Change
preprocessing regression preprocessing regression
* Eit++: H H H No. of activated voxels
* T2* Fitting approaches require improved sampling | o a8 00 o8 st .
Of the TE_decay curve. 2 1187 1002 —15.6% 1366 900 —34.1%
4 1181 1051 —11.0% 987 731 —259%
5 1031 851 —17.5% 1970 1293 —34.4%
. . 6 1568 1354 —13.6% 2108 1563 —259%
* Dual-echo approaches require first echo to be as 8 1535 1167 —24.0% 2646 1813 —31.5%
. e . . . 9 1697 1360 —19.9% 2288 1629 —28.8%
short as pOSSIble to minimize BOLD contamination 10 2439 2193 ~101% 2228 1438 —355%
Average 1468 1233 16.5% 1823 1242 —32.3%*

Mean t-statistic

1 15.2 13.5 —11.0% 16.4 11.8 —28.1%
2 16.2 14.4 —11.1% 219 14.9 —31.9%
4 254 217 —14.7% 18.2 14.4 —20.6%
5 15.5 13.7 —11.2% 319 18.2 —43.0%
6 20.6 16.6 —19.5% 283 18.6 —34.2%
8 18.8 15.0 —20.1% 352 19.9 —43.4%
9 16.0 13.7 —14.0% 253 16.3 —35.6%
10 24.9 19.9 —19.9% 19.4 13.2 —322%
Average: 19.1 16.1 15.2% 246 159 —336%"

Bright & Murphy "Removing motion and physiological artifacts from intrinsic BOLD
fluctuations using short echo data” Neurolmage (2013)



How can ME-fMRI benefit from faster gradients

More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage

* To achieve this, we oftenrely on increasing in-plane
and multiband acceleration factors

* T2* Fitting approaches require improved sampling

f
of the TE-decay curve. e
* Dual-echo approaches require first echo to be as R
short as possible to minimize BOLD contamination “SS((TTEE:)V
* Estimating k and p based on more than 3 echoes TE T

should benefit ME-ICA/tedana component
characterization (as long as echoes as not too long)



How can ME-fMRI benefit from faster gradients

More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage

* To achieve this, we oftenrely on increasing in-plane
and multiband acceleration factors

* T2* Fitting approaches require improved sampling
of the TE-decay curve.

* Dual-echo approaches require first echo to be as
short as possible to minimize BOLD contamination

e Estimating k and p based on more than 3 echoes
should benefit ME-ICA/tedana component
characterization (as long as echoes as not too long)

e Lower Distortions derived from shorter readout
windows would be welcome.
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Conclusions

* ME is a powerful tool to test the properties of different fMRI signal components.
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* ME helps recover signalin dropout regions.
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Conclusions

* ME is a powerful tool to test the properties of different fMRI signal components.
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* ME helps recover signalin dropout regions.

 ME results in improved TSNR.
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Conclusions

ME is a powerful tool to test the properties of different fMRI signal components.

TE=15ms TE= 32n TE=48ms

ME helps recover signalin dropout regions.

ME results in improved TSNR.

Allows more advance denoise approaches which translate into

gains in sensitivity and reliability.

te

Faster gradients should further improve all these ME-related gains.

ME is well suited to play a key role in clinical and real-time applications
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