Multi-echo Functional Connectivity as an Evaluation Metric for Denoising
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INTRODUCTION METHODS: Evaluation Dataset

Several quality control (QC) metrics exist for fMRI (e.g., temporal || Objective: evaluate denoising methods using pBOLD and TSNR

signal-to-noise ratio (TSNR), test-retest reliability), yet their interpretation and || paiaset: 436 publicly available Multi-echo (TE=13.7/30/47ms) resting-state scans®
usefulness remain challenging'. For example, higher TSNR suggests better
data, yet removal of neuronally-driven BOLD signal would also increase |it.
Also, perfect reliability across sessions can obscure relevant changes in
functional connectivity (FC) over time. To overcome this, we propose a new QC
metric for multi-echo (ME) fMRI? that quantifies the likelihood of data being
dominated by BOLD effects, and show its ability to reveal pre-processing
iIssues not evident with classical QC metrics.

THEORY
Multi-Echo fMRI Siegnal Model

BOLD Signal at location . . —R3(x,t)-TEy
X, time ‘t’and echo 'TE,’ S(x,t, TEx) = So(x,t) - +n(x,t)

Net Magn. fluctuations: S,(x,t)=S,(x) + AS,(x,t)  ASy(x,t) K S,(x)

Pre-processing:

Regression Alternatives

Head Motion Correction

o Basic: slow drifts, motion and its 1st
derivative, aComCorr.

o Global Signal (GSR)®: basic regressors +
global signal.

NORDIC ON or OFF
Slice Time Correction

Spatial Normalization
Optimal Combination

o Tedana’: basic regressors + tedana ‘reject’
components

Component Classification
Regression
FC Estimation

T
Lo)

ity Assurance:we computed TSNR and pBOLD for all pipelines.

50 RESULTS: Test Dataset
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. 1) For each TE combination ‘ec’ compute the root mean square

‘ QC based on across-echo inter-regional covariance
ec = [(TE1,TI§1_),(TE3,TE3) - - PR 0 -

04 > of euclidean distance of aII connectlons (N,) to the theoretical Off NORDIC Oon off On
' BOLD line: NORDIC
0] dpoipec =y Zdw BOLD line)* (LEFT) TSNR significantly increased for GSR and Tedana relative to Basic denoising. It did also for
. 2) Do the same for the theoretlcal So line: Tedana relative to GSR. This is true independently of whether NORDIC is applied. Finally applying
R B oeonoeninscasnasen dw:i.f dist(c. So line)? NORDIC always left to increases in TSNR. Based on TSNR one would conclude that it is always
§ g _ B beneficial to apply NORDIC, that Tedana is the optimal denoising approach,and that GSR ouperforms
o 3) Transform distances to #) Average g, across al Basic denoising.
ol : probabilities using softmax: avalilable ‘ec (RIGHT) When NORDIC is not applied, p.,, , significantly increased for Tedana relative to Basic
4.4 e n e Prounec = d"dd ProLD =Zp30w,ec denoising. Yet, that is not the case for GSR which leads to lower p__ , than Basic denoising. When
Fo-C (TELTEY | e e vl NORDIC is applied, both GSR and Tedana perform worse than basic denoising. Based on p_, ,, one

would conclude that in absence of NORDIC, Tedana is the best approach. Also that there is some
iIssue when NORDIC and Tedana are combined. Finally, the last conclusion based on pBOLD is that

M ETH O DS: TeSt Dataset GSR might not be as beneficial as TSNR seems to indicate.

Objective: Evaluate theoretical derivations on real fMRI data.
Dataset: Two ME resting-state scans with the following distinct noise profiles®: D I SCU SS I O NICO N C LU S I O N S
* Non-BOLD Dominated Data: minimally pre-processed data with strong S_|| Across-echo covariance alerts to less R, & BOLD sensitivity where TSNR suggests otherwise:

fluctuations.due to the gse of an_irregular repetition time ('I_'R). | - pBOLD signaled an issue with combining NORDIC and Tedana. Further exploration revealed
 BOLD Dominated Data: low motion, regular TR data denoised with tedana. that when NORDIC is on, tedana fails at estimating number of components.

Analysis: Extract ROl timeseries for Powers 264 ROI atlas* for all TEs, generate
scatter plots for different echo combinations, compute p_,, .. - pBOLD indicates that GSR results in less BOLD-dominated data. As the global signal contains

both arifactual (e.g., respiration) and neurally induced fluctuations?; to correctly interpret this
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