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ABSTRACT

The clinical translation of diffusion magnetic resonance imaging (AMRI)-derived quantitative contrasts hinges on robust re-
producibility, minimizing both same-scanner and cross-scanner variability. As multi-site data sets, including multi-shell dMRI,
expand in scope, enhancing reproducibility across variable MRI systems and MRI protocols becomes crucial. This study eval-
uates the reproducibility of diffusion kurtosis imaging (DKI) metrics (beyond conventional diffusion tensor imaging (DTI)), at
the voxel and region-of-interest (ROI) levels on magnitude and complex-valued dMRI data, using denoising with and without
harmonization. We compared same-scanner, cross-scanner, and cross-protocol variability for a multi-shell dMRI protocol (2-mm
isotropic resolution, b=0, 1000, 2000s/mm?) in 20 subjects. We first evaluated the effectiveness of Marchenko-Pastur Principal
Component Analysis (MPPCA) based denoising strategies for both magnitude and complex data to mitigate noise-induced bias
and variance, to improve dMRI parametric maps and reproducibility. Next, we examined the impact of denoising under different
population analysis approaches, specifically comparing voxel-wise versus region of interest (ROI)-based methods. We also eval-
uated the role of denoising when harmonizing dMRI across scanners and protocols. The results indicate that DTI and DKI maps
visually improve after MPPCA denoising, with noticeably fewer outliers in kurtosis maps. Denoising, either using magnitude
or complex dMRI, enhances voxel-wise reproducibility, with test-retest variability of kurtosis indices reduced from 15%-20%
without denoising to 5%-10% after denoising. Complex dMRI denoising reduces the noise floor by up to 60%. Denoising not only
reduced variability across scans and protocols, but also increased statistical power for low SNR voxel-wise comparisons when
comparing cross sectional groups. In conclusion, MPPCA denoising, either over magnitude or complex dMRI data, enhances
the reproducibility and precision of higher-order diffusion metrics across same-scanner, cross-scanner, and cross-protocol as-
sessments. The enhancement in data quality and precision facilitates the broader application and acceptance of these advanced
imaging techniques in both clinical practice and large-scale neuroimaging studies.

Abbreviations: ABCD, adolescent brain cognitive development; ADNI, Alzheimer's disease neuroimaging initiative; CCC, concordance correlation coefficient; CV, coefficient of variation; DKI,
diffusion kurtosis imaging; dMRI, diffusion magnetic resonance imaging; DTI, diffusion tensor imaging; HCP, Human Connectome Project; ICC, intraclass correlation coefficient; MPPCA,
Marchenko-Pastur principal component analysis; ROI, region of interest.
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1 | Introduction

Diffusion magnetic resonance imaging (dMRI) is a non-
invasive method enabling clinicians and researchers to
characterize tissue microstructure beyond the nominal reso-
lution of MRI. It measures the restricted diffusion of water
within tissues (Jones and Diffusion 2010), providing in-
sights into neurological structure and function (Alexander
et al. 2019; Jelescu and Budde 2017; Novikov, Kiselev, and
Jespersen 2018). Recent large scale data initiatives like the
Alzheimer's Disease Neuroimaging Initiative (ADNT) (Jack Jr
et al. 2008), Adolescent Brain Cognitive Development (ABCD)
(Jack Jr et al. 2008), the Human Connectome Project (HCP)
(Van Essen et al. 2013), and UK Biobank (Sudlow et al. 2015),
aim to utilize multi-shell dMRI to achieve a more comprehen-
sive characterization of brain microstructure than possible
with conventional diffusion tensor imaging (DTI). Higher-
order diffusion signal representations and biophysical mod-
els (Alexander et al. 2019; Jelescu and Budde 2017; Novikov
et al. 2019; Novikov, Kiselev, and Jespersen 2018) have been
shown to characterize age related tissue changes in healthy
populations (Beck et al. 2021; Cox et al. 2016; Novikov
et al. 2019) and pathology stemming from disease (Dong
et al. 2020; Falangola et al. 2013; de Kouchkovsky et al. 2016;
Pogosbekian et al. 2021; Stauffer et al. 2021).

Despite its potential, the variability of dMRI-derived param-
eters, across different scanners and even on the same scan-
ner, challenges its translation into clinical practice (Vollmar
et al. 2010). This variability stems from factors like changing
nuclear magnetic resonance (NMR) contrast (e.g., due to op-
erating at different echo time or field strength), imaging arti-
facts like bias due to motion or Gibbs ringing, and MRI noise
which introduces random fluctuations and bias from the non-
central-y MRI noise floor (Aja-Fernandez, Tristdn-Vega, and
Alberola-Lopez 2009; Gudbjartsson and Patz 1995). These ar-
tifacts, coupled with poor noise propagation through the high-
order representations (such as diffusion kurtosis imaging
[DKI] (Jensen et al. 2005)), lead to large outliers in quantitative
maps (Sprenger et al. 2016), further reducing the reproduc-
ibility of such parameters. These variabilities limit dMRI to a
qualitative rather than a quantitative modality, particularly as
MRI technology itself rapidly advances, prompting frequent
updates to study protocols (such as parallel imaging (Griswold
et al. 2002; Sodickson and Manning 1997; Pruessmann et al.
1999) and simultaneous multislice [SMS] imaging (Setsompop
et al. 2012)) that affect NMR contrast and noise floors. Low
signal-to-noise-ratio (SNR) reduces the precision of dMRI and
amplifies scanner- and protocol-dependent biases (Jones and
Basser 2004), necessitating effective noise suppression strate-
gies (Does et al. 2019; Manzano Patron et al. 2024) to enhance
data reliability, harmonization, and enable more accurate
comparisons of diffusion parameters between healthy and
pathological tissues.

Denoising is a critical component of diffusion MRI (dMRI)
preprocessing, aimed at minimizing noise while preserving
the integrity of diffusion measurements. Principal component
analysis (PCA)-based techniques, such as Marchenko-Pastur
principal component analysis (MPPCA) (Veraart, Fieremans,
and Novikov 2016; Veraart et al. 2016) and local PCA

(LPCA) (Manjon et al. 2013), are widely employed to separate
signal from noise by leveraging redundancy in diffusion data
across spatial and g-space dimensions. Filter-based methods
like BM4D (Maggioni et al. 2012) and non-local means (NLM)
(Manjon et al. 2010) utilize non-local patch matching to en-
hance noise reduction while maintaining high fidelity to the
underlying anatomical structures. More recently, machine
learning approaches like Patch2Self (Fadnavis, Batson, and
Garyfallidis 2020) and convolutional neural network (CNN)
methods (Tian et al. 2020, 2022) have been applied to dMRI, le-
veraging neural networks to perform self-supervised denoising,
allowing for more effective noise suppression without requiring
external training data.

In this study, we evaluate two noise reduction techniques based
on Random Matrix Theory—MPPCA for both magnitude and
complex image data—to reduce within-scanner, cross-scanner,
and cross-protocol variability. We compare repeatability (pure
test-retest comparisons without changing protocol or hardware)
and reproducibility (comparisons of same-subject data while
varying protocol/hardware conditions) of three kinds of pro-
cessing: (i) without denoising; (ii) using state-of-the-art MPPCA
denoising (Veraart, Fieremans, and Novikov 2016, Veraart
et al. 2016) for magnitude images; and (iii) adopting MPPCA
to denoise complex images (Henriques et al. 2023; Lemberskiy
et al. 2019), to maximize the precision of conventional DTI and
higher-order diffusion metrics. MPPCA identifies an optimal
threshold for noise-only singular values using the Marchenko-
Pastur (MP) distribution. This technique and its variations have
become a widely used component of dMRI pre-processing pipe-
lines (Cordero-Grande et al. 2019; Moeller et al. 2021; Olesen
et al. 2023). Complex MPPCA operates on complex-valued data
(after coil combination), and is enabled through phase estima-
tion and unwinding prior to applying the MPPCA algorithm
(Cordero-Grande et al. 2019; Grussu et al. 2020).

We scanned 20 human subjects using in total five dMRI pro-
tocols on two different MRI scanners (same vendor but with
different gradient hardware). This unique dataset includes for
each subject scan-rescan measurements on both scanners using
a dMRI protocol optimized for SNR by minimizing echo time for
the specific hardware, as well as cross-scanner measurements
using the same dMRI protocol on both scanners, with a dMRI
protocol optimized for the scanner with the weaker gradients.
By comparing denoising strategies across these measurements
with varying SNR, we sought to determine how MPPCA de-
noising can mitigate SNR-related biases and improve the con-
sistency of diffusion metric quantification, with the ultimate
goal of enhancing reproducibility across varying hardware and
imaging protocols.

2 | Methods
2.1 | Clinical MRI Protocol

This HIPAA-compliant prospective study was approved
by the local institutional review board. After providing in-
formed consent, 20 healthy volunteers (10 male/10 female,
age=32.2+9.7years) underwent brain dMRI on Siemens
Magnetom Prisma and Skyra 3T systems. All protocols included
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| The three dMRI protocols used during this study. Each of the 20 subjects underwent these three protocols to acquire in total five datasets, including a test-retest dataset on the Prisma, test-

TABLE 1

retest on the Skyra, and a single dataset acquired on the Prisma with protocol matched to the Skyra.

Software
version

Gradient

Acq. time

2000s/

b=

b=1000s/
m?2

b=0s/

Dataset

Number of
datasets

Coils

(mT/m)

(min:s)

2

mm

TR (ms) TE (ms) mm m

labels

Scanner

40 7:28 80 VEC11 20 channel
head

20

(1.2) 5300 92

92

P

Prisma

7:28 80 VEC11 20 channel
head

30

15

127

6700

Prisma

30 7:27 40 VEC11 20 channel
head

15

6700 127

(1,2)
127

S

Skyra

a diffusion weighted monopolar spin echo EPI sequence with
2-mm isotropic resolution, using a 20-channel head coil for
reception and b-values commonly used in multi-shell acquisi-
tions (Sudlow et al. 2015; Van Essen et al. 2013) including b=0,
1000, and 2000s/mm shells, as detailed in Table 1. Acceleration
was performed using 6/8 partial Fourier, in-plane parallel im-
aging (GRAPPA factor 2), and simultaneous multislice (SMS)
acceleration with multiband factor 2. Raw data from all ac-
quisitions were saved in the Siemens TWIX data format and
fed into a standard reconstruction pipeline implemented in
MATLAB for the purpose of saving phase maps. The pipeline
(in order of processing steps) included coil noise decorrelation
(Brey and Narayana 1988), Nyquist ghost correction (Ahn and
Cho 1987), slice-wise GeneRalized Autocalibrating partially
parallel acquisitions (GRAPPA) (Griswold et al. 2002; Larkman
et al. 2001), Controlled Aliasing In Parallel Imaging Results IN
Higher Acceleration (CAIPIRINHA) shift (Breuer et al. 2005),
in-plane GRAPPA, trapezoidal regridding (Bernstein, King,
and Zhou 2004), adaptive combine (Walsh, Gmitro, and
Marcellin 2000), and Projection onto Complex Sets (POCS)
(Amartur and Haacke 1991). During this reconstruction, both
magnitude and phase images were saved for use during subse-
quent denoising and artifact correction steps.

Five test-retest dMRI datasets were acquired for each subject,
as listed in Table 1. Two test-retest datasets were acquired on
the Prisma system using the dMRI protocol with the shortest
possible TE=92ms. A third dataset was acquired on the Prisma
using a modified protocol (with TE=127ms) to study cross-
protocol reproducibility. Next, two datasets were acquired on
the Skyra system using the dMRI protocol with the shortest pos-
sible TE=127ms (due to smaller maximal gradient). Scan time
for all dMRI protocols (subset used here) was approximately the
same at 7.5min, with respectively 60 and 50 directions on the
Prisma and Skyra systems.

Between test-retest acquisitions, subjects were removed and then
placed back into the scanner. Each test-retest dataset included
a reverse phase encoding b=0 image to correct for EPI-induced
distortions. A 1-mm isotropic T1-weighted Magnetization
Prepared Rapid Gradient Echo (MP-RAGE) sequence (TR/TE/
TI=2200/3.17/900ms) was acquired on the Prisma system for
co-registration of all five datasets per subject.

These five datasets were used to perform three comparisons.

1. Effect of denoising on within-scanner variability (repeata-
bility) by comparing Prisma versus rescan Prisma® with
TR/TE 5300/92ms (PY,, vs. PP ) and comparing Skyra®
versus rescan Skyra® with TR/TE =6700/127 ms, referred

(1) (2)
toas S, versus S),..

2. Effect of denoising on cross-protocol variability (reproduc-
ibility) by comparing data from the same scanner with
unmatched TE and SNR: Prisma® TR/TE=5300/92ms
versus Prisma® TR/TE=6700/127ms, referred to as P(glz)

(1)
VS. P127'

3. Effect of denoising on inter-scanner variability (reproduc-
ibility) by comparing data from different scanners, but
matched TE: Skyra® TR/TE =6700/127 ms versus Prisma

TR/TE=6700/127 ms, referred to as S(112)7 versus P(112)7.
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2.2 | MPPCA-Based Denoising Methods

Denoising was performed using an augmentation of the MPPCA
algorithm (Veraart, Fieremans, and Novikov 2016; Veraart
et al. 2016). MPPCA exploits data redundancy in the singu-
lar value decomposition (SVD)/principal component analysis
(PCA) domain using properties of the eigenspectrum of random
covariance matrices, which yields an objective number p of
signal-carrying components to be kept and all other components
removed as purely noise-carrying.

A data matrix X = {X,,, } = {S,,(r,) } of size Mx N is formed by
M measurements from N voxels in a patch. Let M'=min(M, N)
and N'=max(M, N). Low-rank denoising corresponds to keep-
ing plargest components in the SVD of X = Zf":’; s;u; ® v, where
u; and v; are the left and right singular vectors. Equivalently,
PCA corresponds to keeping p top eigenvalues x; = si2 explain-
ing most of the variance of the (sample) covariance matrix XX'.
MPPCA yields the number p of the components of X to keep, by
identifying the MP distribution formed by the remaining M’ — p
components that correspond to pure noise in the limit M, N>1
and p<M, N (low-rank condition). MPPCA self-consistently
finds p, and noise variance o2 as the sum over the M’ — p compo-
nents attributed to the MP distribution.

Inrecentyears there having been several proposed additions to the
original MPPCA algorithm, including symmetric thresholding of
singular values (Olesen et al. 2023), eigenvalue shrinkage (Gavish
and Donoho 2017), advanced patching methods including non-
local spatial matching (Buades, Coll, and Morel 2005; Maggioni
et al. 2012; Manjén, Coupé, and Buades 2015; Zhao et al. 2022),
angular matching (St-Jean, Coupé, and Descoteaux 2016), and
structural adaptation (Bao et al. 2013). Here, MPPCA is aug-
mented in three stages: (i) Adaptive patching to select the signals
forming a data matrix X around a given voxel; (ii) Symmetric
SVD threshold selection (Olesen et al. 2023); (iii) Singular value
shrinkage (Gavish and Donoho 2017). Here we carefully chose
augmentations to MPPCA to balance spatial redundancy, signal
similarity, and noise reduction efficiency. For additional infor-
mation about available tunable parameters in MPPCA, users
can view the software documentation available online at https://
nyu-diffusionmri.github.io/DESIGNER-v2/docs/designer/backg
round. We here describe each stage:

i. Adaptive patching—In contrast to the original MPPCA ap-
proach where patches are squares or cubes around a given
voxel (e.g., 5% 5% 5 voxels), we enhanced the spatial redun-
dancy, in addition to the redundancy in the measurements
(here in the diffusion g-space), by pre-selecting voxels that
have similar ground truth. Our goal is to minimize the
number p of components, and to maximize their contri-
butions s;, such that they describe most of the signal—this
is the assumption of the underlying noise-free signal to be
of low-rank. The ultimate best choice of the patch would
be having all N voxels with the same ground truth; in this
case, p=1 (the rank of noise-free XX is 1), irrespective of
the complexity of their signal S, . The desire to have a few
large s;, i=1, ...,p (as opposed to many smaller ones)
comes from the fact that components whose noise-free sin-
gular values sgo) <s, = 6(MN)"* are below the threshold

s, become indistinguishable from noise. They fall below

what's referred to as the phase transition (Johnstone 2007).
By selecting a subset of voxels that have similar underly-
ing tissue priors, we intend to overcome the information
loss associated with many components potentially falling
under the phase transition threshold s,, if all voxels in a
patch were to have different signals.

Hence, for a voxel at r,, we would like to include the signals
S, (r,) such that both S,, are close to each other for different r,,
and the voxels r,, are not too far from r,. Formally, we introduce
the “distance” between signals

W, 4 [S@),S(r')] = [r=7|" - |S(r)—S(r’))lj 6]

Here | r — r’ | is the Euclidean distance between voxels in three
dimensions, and | S(r) — S(r')| = \/Zm|Sm(r)—Sm(r’)|2 is the
Euclidean distance between signals (the norm over the measure-
ment index m). The balance of preferring the distance between
voxels and between signals is tuned by the choice of exponents o
and g3. Here we choose a=1 and =2 based on an empirical ob-
servation of improved denoising performance when >« (prefer-
ring similarity of signals to the distance from r;). When a>> this
method converges to the original MPPCA patching implemen-
tation (local signal-independent patch around r ). Based on the
above distance function, we choose a patch around voxel at r, as
N voxels (including ry ), for which w; ,[S(r,,), S(r)]is the small-
est; here N was fixed to 100, Figure 1, selected from each larger
7 X 7 x 7 cubic patch.

ii. Symmetric thresholding—For the pure-noise case of p=0,
all components of XX' form the MP distribution, which
has two independent properties: o = Y x;/(MN) and
o2 = (X, —Xy)/ 44/MN. For a general case (noisy sig-
nal), MPPCA uses these two properties to define two
functions 6, ,(p) accounting for the noise variance from
the bottom M’ — p components, with p being the solution
for 6,(p) = o,(p). Here, we use the following definitions
(Cordero-Grande et al. 2019; Olesen et al. 2023):

M

1
af(p)= m Zi=P+1 X; 2.1

XP+1 — Xy

44/ (N'=p) (M -p)

o3(p)= 2.2)

These are symmetric in M’ and N’, whereas the original MPPCA
formulation had N’ instead of N’ — p in Equation (2). This sym-
metric augmentation of o, ,(p) empirically provides a more ro-
bust estimation of MP threshold for not very large N and M, and
works well for M~N. It is also practically important that the
patch size is allowed to vary, with possibilities of both M > N and
M < N.In this study N was fixed at 100, and M was the total num-
ber of diffusion measurements for all subjects and scan-rescan

— (1,2) _ (1,2) _ (1)
datasets. M =65 for P;,”, M=50 for S},>", and M =50 for P ..

iii. Singular value shrinkage—To overcome the eigen-
value repulsion due to noisy components, we re-
duce the sample singular values s; when recombining
selected principal components into a low-rank matrix

X, = VM's >, ﬂ(Si/ (\/1\76)) u; ® v, According to
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Bounding Box

15(0) = Sl

Adaptive Patch

FIGURE1 | Example of how distances w, [S (rn), S (ro)] Equation (1), are generated for adaptive patching. These distances are used to threshold

a cubic patch into the shape of local anatomy. We first choose a sufficiently large bounding box (in this example an 11X 11X 11 bounding box was
chosen for demonstration purposes, in the study a 7x7x 7 bounding box was used). Next, the Euclidean distances between voxels (2nd panel) and
signals (3rd panel) are calculated. The weights (1) are computed based on the product of the two distances, tuned by exponents a and 5. The patch

selection corresponding to N=100 is shown in the last panel.

Gavish and Donoho (2017), the optimal shrinker function
based on minimizing MSE of the Frobenius norm can be
expressed as

1 2
=\ (s2—y—-1)"—4y, s>1+

ao={s V&7 -4 v ©)
0, s<1+4/y

wherey =M /N' <1

2.3 | Denoising Experiments

dMRI raw data was preprocessed in three different ways for
comparison:

i. Magnitude (non-denoised) dMRI data.

ii. MPPCA: Magnitude dMRI data were MPPCA-denoised
(including the adaptive patch, symmetric thresholding, ei-
genvalue shrinkage).

iii. MP-Complex: dMRI phases were first denoised using
MPPCA (symmetric thresholding) using a 15x15 2D
box-shaped kernel within each slice. The denoised and
spatially smoothly varying phase ¢4, (r) is then unwound

according to: Sye = Re(Seompiexe # ). Finally, the noisy
phase-unwound signal S, is denoised using an adaptive
3D moving patch, symmetric thresholding, and eigen-
value shrinkage. Phase unwinding helps remove spurious
components arising due to shot-to-shot phase variations
in dMRI (Grussu et al. 2020; Lemberskiy et al. 2019). In
addition to improved denoising performance (due to the
two-pass approach), MP-Complex also reduces the Rician
noise floor of the data, reducing bias and increasing the
precision of downstream parameter estimation.

2.4 | Processing Pipeline and Diffusion Parameter
Estimation

All dMRI images were processed using the DESIGNER pipeline
(Ades-Aron et al. 2018; Chen et al. 2024), using Partial Fourier in-
duced Gibbs artifact correction (Kellner et al. 2016; Lee, Novikov,

and Fieremans 2021), EPI distortion correction (Smith et al. 2004),
and eddy-current and motion correction (including slice-wise
outlier replacement) (Andersson et al. 2016; Andersson and
Sotiropoulos 2016). The signal's normalized rotational invariants
of zeroth (S, also known as spherical mean) order were linearly
estimated for each diffusion shell (Novikov, Veraart, et al. 2018) to
provide a convenient basis for population-wise registration.

Diffusion and kurtosis tensors were estimated through uncon-
strained weighted linear least squares (Veraart et al. 2013) from
which we derived mean diffusivity (MD), axial diffusivity (AD),
radial diffusivity (RD), fractional anisotropy (FA), mean kur-
tosis (MK), axial kurtosis (AK), and radial kurtosis (RK). DTI
parameters (e.g., FA and MD) were derived specifically from a
DTI fit, utilizing only the b=0 and b=1000s/mm (Jelescu and
Budde 2017) diffusion shells. These parameters are not derived
from the DKI fit, where additional higher b values are included.
This distinction is important, as the reproducibility of DTI pa-
rameters derived from a DTI-specific fit may differ from those de-
rived from a DXI fit. For completeness we also show ROI means
for DTI parameters derived from the DKI fit in Figure S4.

The minimal protocol used in this study uses kurtosis estima-
tion from the cumulant expansion up to O(b*):

S(b,7)
In =

—— L — —bD() + b’ D’ W(i) + ... @
S|b=0

where D(#) = D;nn

1, W(i) = Wy nnmny, and

—= dn .~ 1
MD=D= =D(#)==D,
/4;; () 37 )

|i|=1

(the Einstein's convention of summation over pairs of repeated
indices is assumed throughout).

The definition of mean kurtosis is ambiguous in the dMRI
literature. The original paper of Jensen et al. (2005) sug-
gested that MK is an angular average of the directional kurto-
sis K(#) = D°W(#) / D*(#):

_72 [ di w(i)
ME=D /4;; D*(#) ©)

|i]=1
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This definition emphasizes the directional character of the
kurtosis as opposed to that of the cumulant, However, this
definition has two notable drawbacks. First, fundamentally,
the result cannot be compactly represented as a trace of a cer-
tain tensor (e.g., analogously to Equation 5)—due to a non-
trivial directional dependence of the denominator. Second,
practically, this definition leads to a relatively low precision
and is strongly affected by outliers, which come from direc-
tions where diffusivity D(#) < D is small.

In this work, we adopt the definition that involves angular aver-
age of the cumulant (Hansen et al. 2013):

9

= din 1
MW=W= / Ew(n)=gwﬁkk
|7]=1

The last equation follows from the equivalence between symmet-
ric trace-free tensors and spherical harmonics, cf., e.g., appendix
C of Novikov, Veraart, et al. (2018) @(b*), and has been used in a
number of earlier works (Hansen et al. 2013; Jespersen et al. 2018;
Lu et al. 2006). Hence, instead of performing an integral over a
limited number of directions, we can calculate W very fast and
exactly from the estimated W tensor by simply taking a full trace.
This quantity is dimensionless (as is MK), and has qualitatively
similar contrast to MK. The axial and radial kurtoses, AW and
RW, are calculated as projections onto the principal fiber direction
and onto the plane transverse to it, respectively:

AD=D(7,)
dii oy oo o
RD= / ED(u)é(n-vl)

AW =W (D) ®

di oo oo o
RW = / EW(n)é(n'vl)
|a|=1

While MK, AK, and RK are more commonly used in literature
than MW, AW, and RW, both parameter definitions will be gener-
ated in what follows, owing to the lower probability for outliers
when using W compared with K (as shown in Figure S3).

2.5 | Data Analysis and Statistics

To evaluate the effect size of the denoising step in preprocess-
ing on any dMRI parameter x used in this study, we assess the
variability across pairs of scans by the coefficient of variation
CV, = o, / u,, where the estimate of the mean is i, = %(x1 +X,),
and the estimate of absolute error 6, = \/T; |x, — x,| Here x, , refer
to the parameter estimates from the two scans being compared.
Test-retest variability was compared within scanner, across
scanners, and across echo times, on a region of interest (ROI)
level, and using a voxel-wise approach. In addition, concordance
analysis and the concordance correlation coefficient (CCC)
(Lawrence and Lin 1989) were used to assess reproducibility and
agreement between scans.

Voxel-wise analysis: For each subject, a multimodal template was
generated based on S rotational invariant maps and FA maps
from each of the five repeated acquisitions. The subject-wise

template was generated with Mrtrix3 (Tournier et al. 2019),
using rigid registrations to a midpoint space, resulting in tem-
plate maps for each of the 20 subjects. Next, a population tem-
plate was generated based on all 20-subject template S; and FA
pairs using nonlinear deformations (again using Mrtrix3). Rigid
transformations from original space and warps to population
space were concatenated, and then parametric maps for each
subject, scan, and denoising level were transformed to the popu-
lation template using cubic spline interpolation. For voxel-wise
analyses, CV were computed in the space of subject templates
(after transforming parameters using rigid transforms) and for
Figure 3 only, in the space of the unbiased population midpoint
space (by transforming parameters using nonlinear trans-
forms). Interpolation is applied during both rigid and nonlinear
transformations, as cubic spline interpolation is applied when
transforming parametric maps to the population template.
However, the main distinction lies in the fact that nonlinear de-
formations introduce small additional distortions due to the na-
ture of the warps, which may slightly confound interpretations
in comparison to rigid transformations. We performed a con-
cordance analysis showing the degree of concordance correla-
tion between test-retest pairs in pooled voxels over all subjects
and show Bland-Altmann plots to measure the error between
the same pairs.

Harmonization comparison: The effect of harmonization was
compared to denoising for data with bias due to varying echo
times (and noise floors). Harmonization was performed using
the state-of-the-art linear-RISH (Mirzaalian et al. 2016) method.
Linear-RISH uses mean rotationally invariant spherical har-
monic (RISH) features over a population to normalize those of
each individual, and after normalization, comparisons were per-
formed in subject’s native space. All transformations were com-
puted once and applied to all datasets to eliminate registration
induced error. Denoising was performed on both magnitude and
complex data (Figure 7).

We used the A-1 (case 2) intraclass correlation coefficient (ICC;
McGraw and Wong 1996) over all brain voxels to assess test—
retest reliability in this study. This form of ICC measures the
absolute agreement among measurements taken on randomly
selected subjects, making it well-suited for comparing results
across different scanners and protocols where variability in ac-
quisition settings is expected. The choice of ICC (A-1) allows us
to account for random effects and evaluate how consistently the
same subjects’ diffusion metrics are measured under varying
conditions, ensuring that observed differences are not driven by
systematic biases in hardware or protocols. We compared har-
monization without denoising, denoising alone, and using both
harmonization and denoising.

ROI analyses were performed in the original space of each scan
(to minimize registration bias in CV measurements) by comput-
ing a nonlinear registration between the JHU white matter (WM)
atlas (Hua et al. 2008) and the overall population template, and
applying the inverse warps used to transform each subject map to
the population average. Analyzed WM ROIs include genu, body,
and splenium of the corpus callosum, internal capsule, and co-
rona radiata. Since the original JHU ROIs (Hua et al. 2008) are
quite large, we thresholded them in template space (not in sub-
ject space) by removing voxels in lowest 5th percentile of FA to

6 of 20

Human Brain Mapping, 2025



(senunuo))
0St°0 00T°0 611°0 79€°0 980°0 €01°0 10 26070 SIT°0 88T°0 LS00 6S0°0 Md
wIo 680°0 L9T°0 8CT°0 9¢T'0 180°0 LOT°0 €500 MV
I€T°0 €eT0 €110 8¢I'0 r L0°0 r MIN
L6T°0 0€T°0 0€T°0 €¢T0 601°0 €Iro 861°0 SIT°0 9110 ¢ST°0 €80°0 180°0 vd
161°0 91T°0 ccro 291°0 160°0 680°0 LLT°O ¥01°0 LOT°0 C¢ITo 90°0 2900 ad
LYT°0 9C1°0 SY1°0 860°0 av
LTT°0 00T°0 121°0 L0°0 I an qov
L¥S°0 <010 €IT°0 S0¥°0 2600 180°0 6150 160°0 T10T°0 12C0 090°0 8S0°0 MY
ovro 291°0 6€1°0 TIT°0 L¥0°0 500 MV
SIT°0 (RN0) 91T°0 0L0°0 ‘ MIN
LTT°0 0z1'0 91T°0 2600 9%0°0 vd
LTT0 Y¥1°0 (4480} €81°0 0T°0 010 Y120 SIT°0 SIT°0 9€T°0 690°0 990°0 ad
SeT'0 av
SOr°0 an OI'ld
€0€°0 78T°0 86C°0 8¥C°0 ¥ST0 80¢°0 MY
CLT0 ¢ITo TIT°0 L8T0 €61°0 c01°0 wIo I 760°0 90T°0 190°0 S90°0 IW'\%
81C°0 91T°0 1210 E€LT0 6110 ¥01°0 961°0 800 SO0T°0 €60°0 II MIN
L9T°0 8YIL°0 6ST°0 8€T°0 (N0} 0€T0 c01°0 9L0°0 SLO0 6L0°0 2S00 1S0°0 vd
S6v°0 1S¥°0 SIS0 26€°0 LTE0 8¢°0 YLEO 6820 16C°0 81C°0 LST'0 6710 ay
661°0 0€T0 evro S9T°0 <010 SIT°0 6v1°0 SLO0 8L0°0 L60°0 8%0°0 I av
wTo L61T°0 20 08T°0 8Y1'0 1 ZAN0) 8ST°0 c01°0 €01°0 680°0 090°0 9600 AN (DD) WNINATdS
ouoN opmyuSely xd[dwio) oQuoN opmyuSey xddwio) QuoN opmyuSe]y xd9iduwro) QuoN opmyuSey xopduwro)
L OVIANS “f o VINSTEd L HVIANSTEd o VINSTId L HOVIANS “ o VEANS ® HVINSTEd “VINSTId
.Sﬂm “SA ﬁwmv KIN[IQRLIBA I0UURDS-SSOID

pue ‘(‘C1d 'sa d) £nnqerrea [ooojoad-ssoxo (‘s sa s pue £ sa () Amiqeirea ueos-urgiA :suosLreduwiod 99113 Y} JO YRS 10§ SAD MOUS IA\ "SNWE[RY) PUR ‘(YDV) BIIPRI BUOIOD IOLIJUE (TT1d)

ornsdeo Teuraur 9y Jo quury Jorxeisod ‘wnsorres sndiod oy Jo wnrualds :suor§ar anoy ur pajenyeas 2d£3 Surstousp pue 1ojourered 1 pue [LA Yoed 10§ (AD) UOIIBLIBA JO SJUSIOIIJR00 UBSN | CHATAVL

7 of 20




minimize misregistration and partial-volume effects. All these

Q O (o)) (=] o0 <t . . . .

- g g Y 8 Y § g ROIs were combined into a single large WM region when tabulat-
82| © © S S S 8 ing full WM scale statistics. Gray matter (GM) ROIs were derived
=)
< o using Freesurfer (Desikan et al. 2006), and CVs were computed in
g "g the thalamus, as a representative gray matter region due to its key
M| E S s & = = g role in sensorimotor integration and its structural connections to

5 @ S S 3 © S S o various white matter tracts, which are critical in diffusion MRI
g" = studies. Additionally, the thalamus is a large central region and
§ less prone to artifacts due to partial volume effects and EPI in-
2R duced distortion. Freesurfer was performed using the MP-RAGE
M=l O VO 1n 1n N N . . . P .
5 g SElE SERS S acquired for each subject as an input, and ROIs were rigidly regis-

8 © © o © o o o tered to diffusion space using the preprocessed b0 image as a reg-
istration reference. When taking ROI means, outliers in kurtosis
2lg 5 8 9 = 99 metrics were thresholded prior to aggregating statistical metrics

/82 8 8 & 8 2 8 by excluding pixels with kurtosis < —1 or kurtosis > 10, and when
%S © = ° ° . quantifying the prevalence of outliers, the same range was used
<o to determine the percentage of outlier voxels in a given white
E E matter region (Figure S3).

SlEls 828855
g7 =2 = = = q o

n"g e © o © o o © Noise floor analysis was performed in diffusion weighted images

g | = to measure the level of bias reduction that comes from unwinding

§ the denoised phase in complex data. We measured the noise floor

2} Ea oy - - IS - by computing the spherical mean signal over directions S |,_5o00

& g" ==l S S =Nl S in the ventricles at b=2000s/mm (Jelescu and Budde 2017). Due
8 SEE < ° IR © to diffusion attenuation, there is negligible signal (~e=°~0.002)

g left in CSF at this gradient strength, therefore S|;_,000/v/%/2
9| o B 4 O = o £ can serve as a noise level estimator for a Rayleigh-distributed
£l © & © O un = . X X .

2= = EENESEEGE g random variable. Ventricular segmentation was performed using

§Z|loc © o © S o 5 X .

N oS Freesurfer as described above. The noise floor was further nor-

< 3 = malized by the signal S, = S|,_,at b=0:

g Bly © «+ v © » «|53

MlEZlgislD 38 8 9|3 o 15

V)g ?‘P sl 5 o5l &8 s \s, Noisefloor = e — b=2000 (9)

a”| 2 0 So y/z/2 Slb=o

:

B e £

E Bl o ~ 4 © o o g

7 E‘ & & 3 2= 2 J= Power analysis was performed to test the number of subjects
SI° ° SISl << necessary to detect a 5% effect size based on group means and

% standard deviations observed in this healthy control popula-
9N © & © a x vl tion. A 5% effect size was chosen based on Cohen's d values
[=} N~ = N on A O |> . . :

5 2 g g 5! g = S g O reported in literature (Kochunov et al. 2022), where for vari-
= = e . . .

) 2 ous psychiatric disorders grou pwise differences in mean FA

é 2 g could range from 0% to 42%. To compute sample size, we used

2 S g8 9oz s the formula:

RIEIS & 3 2 & 38 3§ 2

w| WS o o S o oS oY 2(Za ,+Z ) o2
o < 1 / p P
g |2 E n=———— 10)
§ z (Mxl “Hx )

218 . . o . | .

g § 3 3 5 = 3 5 g é Here n, is the sample size for a single group, My refers to the
O|l° © © © © o o|f means of the two groups being compared, we assume that the
© 2 variance in measurements for the test and retest data are the

= 5. 3 . ; .

Ao A o< 2 5 3 g sarr.le, and o, is the sum of test-retest variance and intersubject
= = < M R 5 < o x|g variance,
o o
=1 =
=] %) —
g E o, =var(x,) +o° 11
S z
— s 5 where o is the population averaged o, (true variance with-
« g § out the effect of measurement noise), and the variance of
E = = test measurements over the population (for N subjects) is
< S - i i
< = § var(x,) = 1%] > (- yxl)z. Z_ is the z score corresponding to
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significance level a/2, and Z; the critical value corresponding
to the power of the test § (Kim 2016). This simulated the sam-
ple size required to reach voxel-wise statistical significance in
a two-sided t-test with 80% power and o = 0.05. We created two
groups whose diffusion and kurtosis parameters differed by
5% and measured the number of subjects required to reach sta-
tistical significance. This analysis was performed for low-SNR
voxel-wise data using test-retest CVs from Table 2 and high-
SNR ROI-wise data using test-retest CVs from Table S1. For
both comparisons intersubject variance was computed from
ROI-wise data and had a range from 0.03 to 0.04.

3 | Results

Figure 2 shows representative diffusion and kurtosis maps for a
single subject (26-year-old female) for test-retest data acquired
on the Prisma scanner for MD, MK, MW, and FA. Two effects are
notable from these maps: (1) The improved qualitative denoising
effect from no denoising, to magnitude, to complex approaches.
(2) The large decrease in kurtosis outliers observable as “black
voxels” in MK maps both due to denoising, and by moving to the
MW representation. This effect is also shown in Figure S3, where
we show the reduction in outliers in white matter by switching
from K to W representations, here the total percentage of outli-
ers was reduced from over 70% on the Skyra system from MK to
under 10% for MW.

3.1 | Voxel-Wise Variability

Voxel-wise test-retest error maps averaged over subjects are
shown in Figure 3, for MD, FA, MW, AW, and RW (correspond-
ing voxel-wise maps for kurtosis are provided in Figure S1).
Voxel-wise CV is increased in regions near tissue boundaries

PRISMA,

because of noise limiting the precision of registration across
subjects. However, this effect is reduced when using denoised
dMRI, as visible in the MW-map around the genu (Figure 3).
We show o, in Figure 3. rather than CV (o, /pu,) due to the
potential instability when normalizing by small mean values.
In regions where the mean (u,) approaches zero, the CV can
become disproportionately large, leading to misleading inter-
pretations of variability. By focusing on o,, we provide a more
stable and interpretable measure of dispersion that avoids
these issues, particularly in low-signal voxels.

To minimize the effect of misregistration, Table 2 lists the mean
voxel-wise CV pooled across different subjects within the sple-
nium, posterior limb of the internal capsule (PLIC), anterior co-
rona radiata (ACR), and thalamus, respectively. Regional CVs
for kurtosis (K instead of W) including outliers are also shown in
supplemental Figure S2. W-parameters offer better robustness to
outliers (see Figure S3), such that without denoising, MW in the
internal capsule has voxel-wise CV on the order of 9%-12% and de-
noising lowers test-retest variability on the Prisma system down to
3%-4%. FA has variability on the order of 7%-10% without denois-
ing in highly aligned WM regions, and denoising lowers variability
to 4%-6% for both Prisma and Skyra data.

The largest benefit of denoising and lowering the noise floor
presents when comparing different echo times (Table 2). In
AW we observe decreases in CV from 16.2% to 7.2% in the PLIC
with complex denoising, along with corresponding large re-
ductions in CV in other remaining WM areas. In line with the
maps shown in Figure 3, we observe that CVs are consistently
the lowest in areas such as the internal capsule, that are less
prone to partial volume effects and Gibbs ringing. Indeed, re-
gions near the ventricles such as the corpus callosum often have
relatively higher variability.

FIGURE2 | [Illustration of different denoising methods on DTI and DKI measures (MD, MK, MW, and FA) across scan-rescan data on the Prisma
for a representative subject (26-year-old female). None: Non-denoised data, Magnitude: MPPCA denoised magnitude data, Complex: MPPCA de-

noised complex data. Rician bias reduction is evident in the increased contrast of FA images in complex denoised data. Outliers were reduced in

kurtosis maps both through denoising and the use of W representation.
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FIGURE 3 | Maps of the absolute error o,, created by computing o, in each subject's space, followed by warping into a common space and aver-

aging over all 20 subjects. White matter masks were computed based on an FA threshold > 0.2 in the overall population template FA image. While
interpolation affects both rigid and nonlinear transformations, the effect is more pronounced in the case of nonlinear warps, and thus, the error
computed after nonlinear transformations are only used in this figure to avoid potential confounding in the interpretation of voxel-wise results. For

each parameter left two columns show within-scan repeatability (P(glz) VS. P(;z) and S ) vs. S, third column shows cross-protocol variability (P(glz) VS.

) vs. S

P ), and fourth column shows cross-scanner variability (P127 127).

127

Box plots of mean voxel-wise CVs in PLIC are shown in
Figure 4 over all subjects (corresponding boxplots for kurto-
sis CVs are provided in Supporting Information Material). We
observe strongest effects of denoising in W between data with
differing echo times (P(912) Vs. P§12)7), where denoising complex
data leads to a 12% decrease in CV in AW, along with marked
improvements in CV in AD and FA from ~9% down to 6%.
Denoising (both magnitude and complex) give strong improve-
ments in voxel-wise CV in kurtosis parameters because de-
noising helps minimize outliers in both K and W maps. While
complex and magnitude denoising often give very similar
changes in CV, MP complex gives the greatest improvement in
cross-echo time reproducibility (3%-7% in MD, MW, and FA)
because of the reduction in noise floor.

Figure 5a,b show the results of concordance analysis on voxel-
wise data. It is visible from concordance correlation coefficients
(shown in Figure 5b) that denoising leads to stronger correla-
tions and lower variance in all test-retest datasets. In fact,

127 127

without denoising, voxel-wise correlations drop to aslow as 0.13
across scanners and protocols in kurtosis values. Correlation
and Bland-Altman analyses demonstrate the strongest cor-
relations and narrowest voxel-wise parameter distributions
between scans on the same scanner with the same echo-time
after denoising. The correlations are lower for data acquired
on different scanners (same echo time), or with different echo
time (same scanner). Bland-Altman plots (Figure 5b) show the
shift in parameter values resulting from decreased noise floor
with complex denoising, particularly in MW. The middle row
of Figure 5b shows how denoising complex data decreases WM
kurtosis values while also minimizing test-retest error across
all comparisons.

3.2 | ROI-Wise Variability

Figure 6a shows boxplots of ROI-means DTT and DKI parameters,
respectively, in WM over all 20 subjects, for all five scans, and for
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FIGURE 4 | Box plots of voxelwise CV, o,/ p,, for each DTI and DKI parameter from pooling all voxels in whiter matter (PLIC and ALIC) over

all 20 subjects. X-axes show each of the four comparisons: Within-scan variability (P,(;z) Vs. P;ZZ) and S vs. S

(1)
127

rather than the population template.

(1)

Vvs. S,

), and cross-scanner variability (P

all denoising methods, and Figure 6b shows corresponding ROI-
wise CVs (rather than voxel-wise CVs shown in Figure 4). DTI
parameters were obtained from DTI-fitting including b=0 and
b=1000s/mm? (DTI parameters obtained from DKI-fitting are
shown in Figure S4). We observe variation in all parameter val-
ues according to TE. which can be related to corresponding SNR,
which was derived as 13.1, 12.6, 9.3, 9.0, and 9.4 at b=0-image
for Pf)lz), P(gzz), P(112)7, S(112)7, and 5522)7, respectively. While magnitude
denoising increased variability most pronouncedly in AD, both
magnitude and complex denoising reduced the variability in FA,
and complex denoising clearly reduced AW and MW, likely due to
reduced effect of the noise floor.

There is less advantage to denoising when averaging over hun-
dreds of voxels within a region as compared to voxel-wise anal-
yses (as SNR increases with the square root of the number of
voxels in the ROI), but CVs still improve by 1%-9% (Table S1)
for kurtosis parameters in the ACR when comparing data with
differing echo times. We attribute this specific improved agree-
ment in cross-echo time data to the reduction in noise floor
provided by complex denoising, which is more effective at miti-
gating noise-related biases from longer echo times.

Figure 6b shows boxplots of ROI-wise CV DTI parameters and
DKI parameters, respectively in the PLIC over all 20 subjects,
for the four comparisons, and for all three processing meth-
ods. Test-retest variability on Prisma and Skyra hover between
1% and 4% for diffusion and kurtosis values, and the lowest
test-retest variability is observed on the Prisma due to its high

sl (1) (1)
127 1,7)> cross-protocol variability (Pg; vs. P,

). Note that CVs here are not subject to non-linear warps, as they are pooled from subject-wise templates

SNR because of the shorter TE on this scanner. Cross-protocol
and cross-scanner variability are higher due to inconsistency
in echo time and hardware, respectively, resulting in greater
differences in SNR between compared datasets. A notable
decrease in CV is observed in AW and MW when examining
cross-protocol variability because of bias reduction through
complex denoising—resulting in decreased eigenvalue repul-
sion and noise floor.

Table S1 shows mean values of ROI-averaged CV over all 20 sub-
jects. We found average test-retest CV for MD on the Prisma
scanner to be about 1%-2% in WM, on the Skyra we found
slightly larger CVs, but also on the order of 1%-2% regardless of
whether denoising was used. Cross-protocol CV was higher, in
the regime of 3%-4%, and cross-scan CV in the range of 2%-3%.
Complex denoising consistently lowers variability in diffusivity,
however this benefit was quite small (0.5%-1.0% improvements)
at the level of the ROI. The strongest reduction in variability is
observed for AW and complex denoising thanks to noise floor
reduction prior to ROI averaging.

3.3 | Comparison Between Harmonization
and Denoising

RISH harmonization was applied to voxel-wise data. Figure 7
shows ICCs across protocol or across scanner for data processed
with magnitude or complex denoising and/or harmonization.
ICC based on harmonization alone is lowest for FA and MW, both
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FIGURE 6 | (a)Boxplots of average ROI-values in white matter for each DTI and DKI parameters over all 20 subjects. (b) Boxplots of ROI-wise
CV for each DTI and DKI parameters over all 20 subjects, where o, / y1,, is from within the white matter ROI. The white matter ROI included PLIC,
ALIC. DTI parameters are shown in the top row and DKI parameters in the bottom row. Box plots show each of the four comparisons: Cross-protocol

variability (P(glz) vs. PY ), within-scan variability (Pf;z) VS. Pf)zz) and S vs. S? ) i) )-

127 127 127 127 Vvs. SlZ7

), and cross-scanner variability (P

metrics that are heavily affected by noise propagation. MD, which lesser extent. In both comparisons, FA showed a decrease in ICC
is more robust to noise, has high ICC both with harmonization with denoising+RISH compared to denoising alone.

alone and with denoising alone. In both cross-protocol and cross-

scanner comparisons MW had the greatest benefit from combin-

ing denoising with linear-RISH, where cross-protocol, magnitude ~ 3-4 | Noise Floor Estimation

denoising improved the ICC from 0.09 to 0.32, and magnitude de-

noising+RISH further improved the ICC to 0.85. The same trend ~ Figure 8 shows the noise floors for dMRI data denoised using
was observed in the cross-scanner comparison over MW, but to a MP-complex, MP-magnitude, and no denoising for each of
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FIGURE 8 | Noise floor estimation for each of the five scans accord-
ing to Equation (9). Distributions shown come from pooled voxels in the
ventricles over all subjects. As expected, MP magnitude shows the same
noise floor as no-denoising (as it does not remove the Rician bias). MP
complex decreases the noise floor by a factor of 2-4.

the five scans. We found that the baseline noise level for non-
denoised (or magnitude denoised) data is about 1.8%-2.5% of the
dynamic range of the DWI dataset. Complex denoising lowers
the noise floor to 0.4%-1%, on the Prisma system constituted a
2.5% reduction in noise floor. This reduction in noise floor prop-
agates through tensor estimation and leads to the decreases in
parameter bias present in Figure 6a. We note that the noise
floor is higher in the low echo-time Prisma data compared to
the data acquired with TE =127 ms, which may be attributable
to contributions from physiological noise or increased B0 inho-
mogeneities present in lower TE data, even though this data has
higher overall SNR.

3.5 | Statistical Power Estimation

Figure 9 shows the results of a statistical estimate of the sam-
ple size required to detect 5% difference in group means, for
groups with equal variance. This analysis was performed for a
voxel located in a common WM region (PLIC). Here we found
that denoising universally lowers the number of subjects re-
quired to reach statistical significance (p =0.05 in a two-sided
t-test). For voxel-wise data (Figure 9a), on the Prisma scanner,
denoising allowed for sample size decreases of 51.2%, 64.9%,
and 50% for MD, MW, and FA, respectively. On the Skyra we
found that denoising allowed for corresponding decreases of
53.4%, 73.4%, and 35.9%. Both magnitude and complex de-
noising reduced the required sample size from 40-80 subjects
(MD and MW) down to 20-40 subjects for MD and 10-40 sub-
jects for MW, and from 70-100 subjects down to 40-70 sub-
jects for FA. Both complex and magnitude denoising produced
similar effects, with the notable exception that when compar-
ing groups who underwent scans with differing TE, where for
MW, complex denoising provided an addition 66.6% reduction
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in sample size compared to magnitude denoising. For ROI-
wise data (Figure 9b), the high SNR enabled by ROI averag-
ing led to minimal sample size changes between denoised and
non-denoised data.

For data acquired using protocols with different TE (P<912) Vs.
P(112)7), complex denoising had the largest impact on sample size
improvement because it offers a correction for differing noise
floors. Complex denoising allowed for a sample size decrease of
53.3%, 73.9%, and 60% in MD, MW, and FA. On different scan-
ners with the same TE (S(112>7 Vs. P(112)7), both magnitude and com-
plex denoising allows for a decrease in sample size of similar
magnitude, hence we can conclude that these datasets contain
similar noise floors.

4 | Discussion

The goal of this study was to measure the reproducibility
of higher-order diffusion MR metrics. Denoising (Veraart,
Fieremans, and Novikov 2016) of magnitude or complex diffu-
sion MRI data, together with targeted artifact removal (Ades-
Aron et al. 2018; Chen et al. 2024), improves reproducibility
of higher-order diffusion parameters across scanners and pro-
tocols. Denoising reduces variations across test-retest datasets
from ~15%-20% to ~5%-10% in kurtosis indices at the level of
individual voxels. Subsequent measurements on different scan-
ners and different TE (92 ms, 127 ms) were found to have voxel-
wise precision varying from 3% to 15% for both DTI and DKI

), cross-protocol variability (P(912)

92 127 127

metrics after denoising. Notably, we found the greatest improve-
ment in reproducibility across data with differing signal-to-
noise ratios (from varying echo times) when applying MPPCA
to complex-valued data, likely because of the ~2.5X noise floor
reduction offered by complex denoising.

When comparing denoising directly to harmonization using
linear-RISH, denoising outperformed harmonization in reducing
bias from varying noise floors. Moreover, combining denoising
with harmonization in voxel-wise assessments improved intra-
scanner test-retest ICCs by 55% for FA, over harmonization
alone. This highlights denoising's critical role in maximizing data
precision and reliability in multi-site dMRI studies.

This works stands out compared to previous works due to the
comprehensive nature of the multi-shell diffusion MRI dataset
of 20 subjects, which allows for evaluating three separate types
of reproducibility, along with analysis of how noise varies in
repeated voxel-wise measurements. Previous studies aimed to
evaluate harmonization schemes include denoising as an as-
pect of their harmonization (Ning et al. 2020) either directly,
or because of neural network harmonization where denoising
is implicit to the network due to clean supervised training data.
The values reported here are largely in line with prior results
of DTI repeatability found in the literature (Kristo et al. 2013;
Laguna et al. 2020; Liu et al. 2014; Vollmar et al. 2010) where for
ROIs in the corpus callosum, FA has been shown to have ~2%-
3% within-scan and between-scan variability in aligned WM
regions. Our reported values also agree with a previous report
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of intra-scanner ROI mean kurtosis repeatability of 1%-4%
(Kamiya et al. 2020). Similarly, we also show correspondence
with reported reproducibility (Coelho et al. 2022) for tissue mi-
crostructure parameters. Such reproducibility may improve our
ability to measure subtle changes in nervous tissue functional
organization and complexity.

For this work, we employed an established though perhaps less
commonly used definition for kurtosis (Hansen et al. 2013;
Jespersen et al. 2018; Lu et al. 2006), (Equation 7), as we ob-
served that kurtosis maps using the traditional definition,
(Equation 6) feature more outliers due to unphysical kurtosis
values or “black voxels” (Figure 2) as compared to the alter-
native definition (Equation 7), as also quantified in Figure S3.
Alternatively, image correction methods, for example, based on
the MK-curve (Zhang et al. 2019), can also reduce the occur-
rence of “black voxels” and thereby improve the stability of kur-
tosis estimates, and subsequently increase the robustness and
reproducibility of DKI measurements (Christiaanse et al. 2023).
Such correction methods are complementary to our proposed
denoising methods and could be combined for optimal robust-
ness and reproducibility.

We found that MPPCA denoising has a strong impact on voxel-
wise data, lowering CVs in kurtosis from ~40% down to 5%. As
shown in Figure 4, the effect is most noticeable in homogeneous
brain regions. However, voxel-wise CV is nonuniform across
WM due to different levels of tissue homogeneity in different re-
gions, and CV is typically higher in regions with tissue boundar-
ies such as the genu and splenium of the corpus callosum, owing
largely to the effect of registration-based spatial interpolations
along with small misregistration effects. Similarly, voxel-wise
CV in GM (thalami) is higher than in homogenous WM owing
to heterogeneous tissue composition.

There is less of a need for denoising when analyzing large
groups of voxels (Figure 6b and Table S1). Indeed, ROI anal-
yses are more reproducible because of averaging many voxels
compared to voxel-wise analyses (Kornaropoulos et al. 2022),
but may be also less specific and obscured due to spatially local
effects. Conversely, voxel-wise analyses better capture biologi-
cal variability, in which case denoising profoundly improves
reproducibility. Indeed, voxel-wise, cross-protocol, and cross-
scanner CVs for non-denoised diffusion parameters reach up
to 20%, and after denoising variability drops to 3%-8% in most
areas (Table 2). DTI differences between groups for varying psy-
chiatric disorders can be as low as 1% and up to 50% effect size
(Hansen et al. 2013), therefore our observed reduction in CV
(Figure 4) gained through denoising may be clinically useful.

In line with the observed reduction in voxel-wise CV after de-
noising, we also found that denoising decreases the sample size
needed to reach statistical significance between groups sepa-
rated by a 5% effect size by about 50% in MD, MW, and FA when
performing a voxel-wise analysis (Figure 9a). The degree of sam-
ple size reduction is determined by the underlying SNR of the
dataset. In the voxel-wise data, the intrinsic low SNR (SNR=13
at TE=92ms and SNR=9 at TE 127) of our diffusion protocol
(due to small voxel size, short scan time, and minimal recon-
struction), led to the most pronounced sample size reductions
after denoising.

Conversely, and in line with results in Figure 6b, after in-
creasing the SNR through ROI averaging, denoising had
minimal (5%) to no impact on the required sample size for
denoising (Figure 9b). At the level of ROIs 24 patients are re-
quired to detect a 5% difference in mean MD using a 2 sided
t-test regardless of denoising strategy, which is in-line with
predicted sample sizes from literature (Laguna et al. 2020;
Szczepankiewicz et al. 2013).

Figure 6a shows the effect of varying TE, and corresponding
SNR, on DTI and DKI parameters. While there is no ground
truth for those in vivo values, we know that repulsion due to
noise causes artificial increases to FA, AD, and decreases in RD
(Basser and Pajevic 2000; Sprenger et al. 2016), an effect that is
SNR dependent, and is reduced after denoising. Furthermore,
the eigenvalue shrinkage step during denoising has been
shown (Chen et al. 2024) to bias DTI-parameters, another SNR-
dependent effect that is induced by denoising, with decreased
AD values (Chen et al. 2024) by —4% at SNR=10. Finally, the
effect of bias due to noise floor is also SNR-dependent, and can
be reduced by complex denoising. All these effects may impact
the outcome DTI/DKI parameters, as illustrated in Figure 6b,
where shrinkage may explain the increased variability in AD
after magnitude denoising, and reduced eigenvalue repulsion
may explain the reduced variability in FA after both magnitude
and complex denoising. In addition, complex denoising reduced
the effect of the noise floor, resulting in lower and more uniform
AW and MW across TE.

The additional benefit of MPPCA denoising of complex dMRI
data (magnitude and phase) compared to denoising magnitude
dMRI data is most pronounced in reducing parameter bias of
higher-order dAMRI metrics such as AW and to a lesser effect MW,
as shown in Figure 4 and Figure 5a, particularly lowering the
variability between protocols with different TE. Interestingly,
the deviation of the regression slope from 1 in cross echo time
(92 vs. 127ms) CV of MW data (Figure 5b) is reduced most after
complex denoising due to lowering the noise floor caused by
higher noise floor in the long-TE scan.

Complex MP-denoising has the potential for further improve-
ment since the algorithm uses a “two-pass” process, where we
run the MP algorithm twice, first to estimate the noise free sig-
nal phase and then to perform the actual denoising. For this
method to work effectively, these two steps must be sufficiently
independent, that is, the first step should not introduce noise
correlations into the second step. If the patches used in each
step are too similar, the denoising will not perform as robustly
in the second denoising step. In this study we tried to make the
patches as different as possible (15x 15 2D patches during phase
estimation, 3D adaptive patches during the actual denoising),
since the noise correlations introduced by the phase unwinding
in the first step should be made as small as possible to maxi-
mize the performance of this approach. This is the reason why
in some cases (P§12)7 vs. 5512)7 AW in Figure 5a) we observe slightly
better denoising performance in MP-magnitude compared with
MP-complex.

Here we show that the MPPCA denoising approach provides
not only a notable and quantifiable improvement in reproduc-
ibility of cross-protocol dMRI parameters, but also provides a
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powerful tool for data harmonization (by means of reducing
the noise floor). Indeed, due to the different echo times and
numbers of gradient directions used in Pf;z) and P(llz)7 protocols,
the resulting dMRI data have differing SNR and noise floor
(see Figure 8). Without denoising, this results in parametric
maps with differing levels of bias, and different numbers of
outliers in kurtosis parameters owing to the different levels
of precision in the raw data. Hence, reducing the noise floor
by denoising complex dMRI data has the potential to improve
parameter accuracy and harmonize data from sources with
different SNR and thus, different noise floor. This is exempli-
fied by the results of the harmonization analysis (Figure 7).
We found that the impact of both complex denoising and har-
monization was greatest when adjusting for the noise floor
induced bias in FA in data with differing echo times. Since
complex denoising can accurately reduce noise floor bias, it
should be included as an essential first step to harmonizing
data from separate sources.

Limitations of this study include the lack of a ground truth
inhibiting us from knowing the exact degree of bias and vari-
ance induced by protocol specific effects. Recent work (Chen
et al. 2024) showed that eigenvalue shrinkage can bias DTI
and DKI parameters, particularly at low SNR, illustrated in
Figure 6a, which warrants further investigation into its useful-
ness when combining dMRI with different noise levels. In ad-
dition, there are also additional sources of test-retest variability
that were not measured here, including differing vendors, field
strengths, g-space sampling regimes, and number of head coils,
but could be the subject of future work. The custom reconstruc-
tion pipeline used in this study allowed for saving of both mag-
nitude and phase images, which facilitated both magnitude and
complex denoising. When using vendor and sequence-specific
online reconstruction pipelines, phase map preservation,
needed for complex denoising, may not be as readily accessi-
ble, and potential unknown reconstruction steps (e.g., filtering,
interpolation) may interfere with the MPPCA denoising algo-
rithm. Nevertheless, the core principles of our analysis, partic-
ularly the use of complex data for denoising, remain applicable
and can be adapted to various reconstruction pipelines. We as-
sessed only young adult healthy controls, and it should be noted
that age or pathological changes to tissue microstructure may
also increase diffusion parameter variability.

MP complex code is available as part of the DESIGNER-v2 dif-
fusion MRI processing pipeline (https://github.com/NYU-Diffu
sionMRI/DESIGNER-v2) and can be run either through python
or through a dedicated Docker container.

5 | Conclusion

MPPCA denoising reduces variability across scanners and echo
times to 5%-10% voxel-wise and 3%-5% at the ROI-level for DTI
and DKI metrics and has the potential to minimize the sample size
required for voxel-wise population-wise statistics by 40%-70% de-
pending on SNR. Denoising of complex dMRI enables noise floor
reduction by up to 60%. Such improvement—that measurements
from individual voxels become quantitative and reproducible—is
an essential step towards bringing quantitative MRI and tissue mi-
crostructure imaging with MRI to clinical practice.
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