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BOLD Contrast Sensitivity is Echo Time Dependent

MRM (1993) MRM (1997)

Best BOLD contrast happens for TE = T2
* of Target Tissue



BOLD Contrast Sensitivity is Echo Time Dependent

Best BOLD contrast happens for TE = T2
* of Target Tissue

12ms 30ms

1.5 T Scanner

49ms 67ms

85ms 103ms 122ms 140ms

158ms 176ms 195ms 213ms Posse S et al. NMR (1999)



T2* Varies substantially across subjects and regions

Peters et al. MRM (2007)

1.5T 3T 7T

ADULTS 

Wansapura et al. JMRI (1999)

Hagberg et al. MRM (2012)

T2* CHANGES WITH AGE

Siemonsen et al. AJNR (2008)

Moser et al. BioRxiv (2024)



Alternative: Acquire data at multiple echo times

Time [s]

…

Now, we have Ne (e.g., 3) Time series per voxel, one per echo time (TEn):

• No SAR cost, as there are no additional excitation pulses.

• Loss in temporal resolution.

• Loss in spatial resolution: to ensure sufficient signal levels in last echo.
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Multi-Echo fMRI Timeline



Dual Echo for separating inflow and BOLD 
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(Intercept 
at TE=0)

1.5T | 1 Slice | TE = 6.7, 47.7 | TR = 100ms
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Dual Echo for denoising BOLD data 

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

3T | 18 Slices | TR = 2s | 3.4x3.4x5 mm | TE1 = 3.3ms, TE2 = 35ms  

Motion: FWD



Dual Echo for denoising BOLD data 

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

3T | 18 Slices | TR = 2s | 3.4x3.4x5 mm | TE1 = 3.3ms, TE2 = 35ms  



Dual Echo for denoising BOLD data 

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



Voxel/Time-wise Fit of Exponential Decay

Magnetic Resonance in Medicine 40:243-248 (1999) 

6.5ms

101ms

2T Magnet | 3 Slices | TR = 3s

2T Magnet | 1 Slice | TR = 200ms



Combination of Echoes

Simple Echo Summation

• Computationally 
inexpensive

• Later long echoes might 
degrade the average

Weighted Echo Summation

• Computationally 
inexpensive

• Requires T2* estimates

E1(t)

En(t)

… Comb(t) SPMs

Exponential Fitting

• Computationally 
expensive

• Noisy at voxel-level

Combine Statistical Maps generated 
separately for each echo

Single Echo

Avg. of 12 Echoes

E1(t)

En(t)

…

SPM1

SPMn

… SPMComb



❑ Multi-echo outperforms single echo.

❑ Sensitivity gain depends on #echoes.

❑ Considering excessively long echoes 
can be detrimental.

❑ Despite limited sensitivity, T2
*-Fit can 

be advantageous if interested in 
quantification of ΔT2

* 

T2* Fitting

Echo Summation (12 echoes)

Single Echo

Combination of Echoes



Simple Sum

T2
* Weighted

CNR Weighted

Combination of Echoes

Gains relative to Single Echo

𝑤𝑛 = Τ1 𝑁

𝑤𝑛 =
𝑇𝐸𝑛 ∙ 𝑒 Τ−𝑇𝐸𝑛 𝑇2

∗

σ𝑖=1
𝑁 𝑇𝐸𝑖 ∙ 𝑒 Τ−𝑇𝐸𝑖 𝑇2

∗

𝑤𝑛 =
𝑡𝑆𝑁𝑅𝑛 ∙ 𝑇𝐸𝑛

σ𝑖=1
𝑁 𝑡𝑆𝑁𝑅𝑖 ∙ 𝑇𝐸𝑖

Simple Sum T2* Weighted



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

Method Weights Requires T2* 
estimates

Weights vary 
by voxel

Weights vary 
with time

Simple Summation
(Posse 1999)

No No No

TE-Combined No No No

T2
*-Combined 

(OC✣/BOLD✣✣)
(Posse 1999)

Yes Yes No

tSNR-Combined
(Poser 2006)

No Yes No

T2
*-FIT Combined

(Heunis 2021)
Yes Yes Yes

𝑤𝑛 = Τ1 𝑁

𝑤𝑛 =
𝑇𝐸𝑛

σ𝑖=1
𝑁 𝑇𝐸𝑖

✣ a.k.a. Optimally Combined (OC) in Kundu et al. 2012

𝑤𝑛 =
𝑇𝐸𝑛 ∙ 𝑒

൘
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𝑇2
∗

σ𝑖=1
𝑁 𝑇𝐸𝑖 ∙ 𝑒

൘
−𝑇𝐸𝑖

𝑇2
∗

𝑤𝑛 =
𝑡𝑆𝑁𝑅𝑛 ∙ 𝑇𝐸𝑛

σ𝑖=1
𝑁 𝑡𝑆𝑁𝑅𝑖 ∙ 𝑇𝐸𝑖

𝑤𝑛(𝑡) =
𝑇𝐸𝑛 ∙ 𝑒

൘
−𝑇𝐸𝑛

𝑇2
∗−𝐹𝐼𝑇(𝑡)
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൘
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𝑇2
∗−𝐹𝐼𝑇(𝑡)

✣ ✣ a.k.a. BOLD weighting in Poser et al. 2006

Combination of Echoes



Combination of Echoes

Heunis et al. “The effects of multi-echo fMRI combination and rapid T2* mapping on 
offline and realtime BOLD sensitivity” NeuroImage (2021)
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28 Participants | 3T | TR=2s | TE=14/28/42ms | 3.5iso | 34 Slices

Ef
fe

ct
 S

iz
e

T-
st

at
is

ti
c

Ec
ho

 2

tS
N

R
-

co
m

bi
ne

d

TE
-

co
m

bi
ne

d

T 2
* -

co
m

bi
ne

d

T 2
* 

FI
T-

co
m

bi
ne

d

T 2
* 

FI
T



Source Extraction Methods

Multi-channel Signal Framework

𝑠1..𝑁 𝑡 , 𝑛(𝑡) x(𝑡)𝐴

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

x 𝑡 = 𝑆𝑜 𝑡 ∙ 𝑒−𝑇𝐸∙𝑅2
∗ 𝑡 + 𝑛(𝑡)

x 𝑡 = 𝐴𝑠 𝑡 + 𝑛 𝑡

(1) Data must be linearized:

log 𝑥 𝑡 = log 𝑆𝑜 𝑡 − 𝑇𝐸 ∙ 𝑅2
∗(𝑡)

SPC 𝑡 = ΤΔ𝑆𝑜 𝑡 𝑆𝑜 − 𝑇𝐸 ∙ ∆𝑅2
∗ 𝑡

(2) Choose Source Extraction Model/ Priors:

• Statistical Decomposition: PCA, ICA
• Echo-time Dependence: PINV, a-Beamformer, spICA
• Design Matrix based: Wiener Filter 



6 Participants | 3T  | TE=9.3,21.1,33,45,56ms | TR=2s | Stroop Task | Artificially-induced motion: task-correlated (c), random (r) & normal (no)

Quality measured in terms of correlation to task (SCD) / correlation to motion (SCM) 

No Transform

Motion Scenario
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Linearization: Log Linearization: SPC
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Source Extraction Methods



TE-ICA Denoising (ME-ICA/tedana)



TE-ICA Denoising (ME-ICA/tedana)
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ME-ICA/tedana

...

ICA1

ICAn

Z

Z

Kundu et al., NeuroImage 2012
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ME-ICA/tedana

Kundu et al., NeuroImage 2012
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ICA1
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𝜅 = ෍

𝐴𝑙𝑙 𝑉𝑜𝑥𝑒𝑙𝑠

𝑍2 𝐹𝑅2
∗ 𝜌 = ෍

𝐴𝑙𝑙 𝑉𝑜𝑥𝑒𝑙𝑠

𝑍2 𝐹𝑆0

𝜅 = 210

𝜅 = 32

𝜌 = 10

𝜌 = 81

ME-ICA/tedana

Kundu et al., NeuroImage 2012



ME-ICA/tedana

Kundu et al., NeuroImage 2012



ME-ICA/tedana

Kundu et al., NeuroImage 2012



ME-ICA/tedana

Kundu et al., NeuroImage 2012

https://tedana.readthedocs.io/en/stable/included_decision_
trees.html



ME-ICA/tedana

Kundu et al., NeuroImage 2012

ME-ICA 
Denoising



ME-ICA vs. tedana

• ICA + TE-Dependence Analysis for denoising

• Full Pre-processing Pipeline

• Complex Decision Tree

• Relied on FSL/Melodic for ICA

• Hard to modify / extent

• 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

• Open Science Project with extensive documentation



Full Documentation E-BOOK Active Discussion Board



ME-ICA Decision Tree

Minimal Decision Tree

tedana Decision Tree

Built your own decision tree





ME-based Hemodynamic Deconvolution

𝐡 = ℎ𝟏, ⋯ , ℎ𝐿

Activity-inducing

Signal

∆𝒂 = ∆𝑎𝟏, ⋯ , ∆𝑎𝑁

Time

Expected BOLD 

Signal

𝒙 = 𝐇∆𝒂

X
noise

+
𝒚 = 𝐇∆𝒂 + 𝒏

Measured fMRI Signal
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Estimated Activity

Inducing Signal

Time

∆𝒂 = ∆𝑎𝟏, ⋯ , ∆𝑎𝑁

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:

∆ෝ𝒂 = arg min
∆𝒂

1

2
𝒚 − 𝐇∆𝒂 2

2 + 𝜆 ∆𝒂 1

Error Minimization Term

L1-Norm Regularization 
(Sparseness)

3dPFM

Single Echo Sparse Free 
Paradigm Mapping 

Algorithm



ME-based Hemodynamic Deconvolution

X
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Signal
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1
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ME-based Hemodynamic Deconvolution

Estimated ∆R2
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ME-ICA/tedana can: also be applied to animal models 
at ultra high field

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

Top 12 𝜅 components Top 12 Variance-Explained components 

Individual Rat Seed Based 
Connectivity Maps



ME-ICA/tedana can: reliably map subject-level 
functional connectomes with less scan time

Lynch et al. “Rapid Precision Functional Mapping of Individuals using multi-echo fMRI” Cell Reports (2020)



ME-ICA/tedana can: help study the basal forebrain

Markello et al. “Segregation of the human basal forebrain using resting-state functional MRI” NeuroImage (2018)

Nucleus Basalis of Meynert (NBM) | Ch 4
Medial Septum/Diagonal band of Broca (MS/DB) | Ch1-3

Single EchoME-ICA/tedana

BF
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ee
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N
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ME-ICA/tedana can: help study olfactory responses

Zhao et al. “Leveraging Multi-Echo EPI to Enhance BOLD Sensitivity in Task-based Olfactory fMRI” BioRxiv (2024)



ME-ICA/tedana can: improve brain association studies

Jung et al. “Improved performance of within- and between-individual pain prediction using multi-echo fMRI” OHBM (2024)



ME-ICA/tedana can: improve reliability of population perceptive field mapping

Steel A. et al. “Evaluating the efficacy of multi-echo ICA denoising on model-based fMRI” NeuroImage (2022)

Up to 21% Improvement in model fit



ME-ICA/tedana can: improve reliability of population receptive field mapping

Steel A. et al. “Evaluating the efficacy of multi-echo ICA denoising on model-based fMRI” NeuroImage (2022)



ME-ICA/tedana can: help study slow-changing processes

Evans et al. “Separating Slow BOLD from non-BOLD baseline using multi-echo fMRI” NeuroImage (2015)



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

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” NeuroImage (2016)



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” NeuroImage (2016)

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



ME-ICA/tedana can: improve quality of overt speech studies

Gilmore et al. “A comparison of single- and multi-echo processing of fMRI Data during autobiographical recall” Front. Neurosc. (2022)
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• Increase adoption for Clinical and Basic Science 
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• Increase adoption for Clinical and Basic Science 
Studies

• Interested in better temporal and spatial 
resolution

• While increasing the number of acquired echoes

• Shortest echo-times remain the same

• Used in combination with all main experimental 
paradigms

• Echo Combination & ME-ICA/tedana are the 
primary analytical approaches

• Increasingly embraced by the open science 
community

Multi-Echo fMRI: How is used nowadays
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• To achieve this, we often rely on increasing in-plane 
and multiband acceleration factors

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

How can ME-fMRI benefit from faster gradients
More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage



• To achieve this, we often rely on increasing in-plane 
and multiband acceleration factors

• T2* Fitting approaches require improved sampling 
of the TE-decay curve. 6.5ms

101ms

2T Magnet | 3 Slices | TR = 3s

How can ME-fMRI benefit from faster gradients
More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage



• To achieve this, we often rely 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

Bright & Murphy ”Removing motion and physiological artifacts from intrinsic BOLD 
fluctuations using short echo data” NeuroImage (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 often rely 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

• Estimating 𝜅 and 𝜌 based on more than 3 echoes 
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



How can ME-fMRI benefit from faster gradients

• To achieve this, we often rely 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

• Estimating 𝜅 and 𝜌 based on more than 3 echoes 
should benefit ME-ICA/tedana component 
characterization (as long as echoes as not too long)

• Lower Distortions derived from shorter readout 
windows would be welcome.

More Echoes | Better Spatial Resolution | Better Temporal Resolution | Maintain Full Brain Coverage
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• ME is a powerful tool to test the properties of different fMRI signal components.

• ME helps recover signal in dropout regions.

• ME results in improved TSNR.

• Allows more advance denoise approaches which translate into 

    gains in sensitivity and reliability.

• 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

Conclusions
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Thank you & Questions

Peter A. 
Bandettini

Daniel 
Handwerker

Sharif Kronemer
Fernando Ramirez
Burak Akin
Joshua Faskowitz
Somayeh Shashavarani
Tyler Morgan
Marly Rubin

Cesar Caballero-Gaudes Eneko Uruñuela

Peter A Bandettini
Andy Derbyshire
Renzo Huber

Linqing Li
A. Tyler Morgan
Vinai Roopchansingh
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