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Abstract— Objective: Data harmonization is necessary for
removing confounding effects in multi-site diffuson image
analysis. One such harmonization method, LinearRISH, scales
rotationally invariant spherical harmonic (RISH) features from
one site (“target”) to the second (“reference’) to reduce
confounding scanner effects. However, reference and target site
designations are not arbitrary and resultant diffusion metrics
(fractional anisotropy, mean diffusivity) are biased by thischoice.
In thiswork we propose MidRISH: rather than scaling reference
RISH featuresto target RISH features, we project both sitesto a
mid-space. Methods: We validate MidRISH with the following
experiments. harmonizing scanner differences from 37 matched
patients free of cognitive impairment, and harmonizing
acquisition and study differences on 117 matched patients free of
cognitive impairment. Conclusion: MidRISH reduces bias of
reference selection while preserving harmonization efficacy of
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LinearRISH. Significance: Users should be cautious when
performing LinearRISH harmonization. To select areference site
is to choose diffusion metric effect-size. Our proposed method
eliminates the bias-inducing site selection step.
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|. INTRODUCTION

IFFUSION weighted imaging (DWI) is a non-invasive,

in-vivo magnetic resonance imaging modality used to
understand white matter microstructure [1]. For each volume
element, DWI captures the propensity for water to diffusein a
specific direction. Structural elements such as cell membranes
and axonal fibers obstruct molecular movement, leading to
higher observed diffusivity aong these structures (parallel to
the obstruction surfaces) in comparison to other directions
incident to the structures [2]. Two metrics that characterize
diffusion behavior are mean diffusivity (MD), which is the
average magnitude of observed diffusion assuming a tensor
(ellipsoidal) model, and fractional anisotropy (FA), a scaled
variability measure of diffusivity, also assuming a tensor
(ellipsoidal) model [2]. Studies have used DWI and related
summary diffusion measures to study tissue changes caused
by Alzheimer's disease, schizophrenia, aging, multiple
sclerosis and mild traumatic brain injury [3]-{10].

There are a growing number of multi-center studies that
span multiple scanner, and acquisition protocols, or “sites’.
Unfortunately, these site specifications introduce significant
confounding differences in images and downstream analysis
such as diffusion tensor imaging (DTIl) metrics and
connectomics [11]-{15]. Thus, there is a growing number of
methods designed to reduce site-related differences whilst
preserving biological variability, or “harmonization” [16],
[17].

A popular harmonization method is the Linear Rotationally
Invariant Spherical Harmonic method (LinearRISH), wherein
diffusion signal is projected onto spherical harmonic basis
functions [18], [19] and rotationally invariant power spectrum
computed for each basis function set [20]. LinearRISH
ascribes the site-wise differences to differences in these power


https://doi.org/10.1101/2023.08.12.553099
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.12.553099; this version posted August 15, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

> REPLACE THISLINE WITH Y OURPARER YDENTFERIA ONNUMBER (BOEBLE-CLICK HERE TO EDIT) <

spectra (the RISH coefficients). Previous works used
LinearRISH harmonization for multi-site analysis of white
matter abnormalities in schizophrenia [21] and connectomes
of hedthy traveling subjects [22]. Given a non-linear
registration between all volumes, the LinearRISH procedure
computes the shift needed to map each target site's mean RISH
coefficients to the mean RISH coefficients of a chosen
reference site per template space voxel. After applying this
procedure all sites should have the same average RISH
coefficients as the reference site.

However, choosing a different reference site leads to
different "harmonized" values. If atarget site and the reference
site were switched, the shift for each coefficient would change
signs (Figure 1). This means the choice of reference site is
non-trivial, and that, in a regression context like many of the
use cases, choosing a reference site allows practitioners to
choose effect size. At best ambiguity in this common
procedure is not beneficial to accuracy or reproducibility, at
worst it leaves a clear avenue for purposeful effect size
inflation.

In this paper, we propose a modification of the LinearRISH
procedure to resolve this ambiguity. We propose shifting
RISH coefficients to an unbiased midpoint between sites; this
we show produces the mean of site-wise measurements in FA
and MD.

Il. METHODS

We demonstrate our method with two experimental designs.
First, we compare MidRISH and LinearRISH performance at
harmonizing data from the same study but different scanners.
Then, we compare MidRISH and LinearRISH harmonization
for data from two studies but same scanner specifications with
b-value differences. Harmonization performance is based on
site differencesin mean MD and FA in cerebral white matter,

_
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spherical harmonic shape, and bundle-wise tractometry
metrics.

A. LinearRISH

Diffusion signal, S(g), can be represented as a sum of
products of spherical harmonic coefficients, €, and basis
functions (Tournier), Y [18]. The sum is computed for all
orders !, and degreesm where —I < m < l. We only consider
even orders starting with O because odd orders are symmetric
and sumto 0.

S@ =) CunYin @) .
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The RISH coefficients may be defined as

l
Iel= ) (Cm)? ©
m=—1
As their name suggests, these can be shown to be

rotationally invariant (as the squared magnitude of each of the
[ ordersisinvariant under rotation). LinearRISH "harmonizes’
these coefficients to be the same across sites. In order to do
this, a diffeomorphic registration is computed (see D.4) and
the expected coefficient value for each registered template
voxel computed, denoted Ej;;,. The mapping harmonizing

these coefficientsis then:
1
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Let A bethe set of subjectsn =1 ... N, scanned with
acquisition protocol and scanner defined by site A. We let
anything not defined in either expected valueto be 1 (resulting
in no change when applied). Note that the RISH features come
from spherical harmonic coefficients that were normalized to
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Fig. 1. Whensite A (blue) is selected as the reference site for LinearRISH harmonization, site B’ (yellow) mean MD shifts up to the site A expected value. On
the other hand, selecting site B (pink) as reference causes site A’ (green) to shift down to the site B expected value. It is up to the user to decide, which leads to

arbitrary bias. Here we propose a quantitative sol ution.
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their respective b0 images. As aresult, the template has a
unitless, intuitive value centered around 1. The template from
Site B to site A isthe inverse of the formula above.

The template for agiven order isa single 3-D image volume.
Toapply @778, we multiply all spherical harmonic volumes
belonging to order [ by this volume. For example, spherical
harmonic volumes 1 through 5 will be multiplied ®5~2[18].

Conceptually, we are removing the previous target mean
rotationally invariant signal and replacing it with that of our
reference site.

B. MidRISH

We find the geometric midpoint in RISH feature between each

site. The template then becomes (P72 )3 . Both sites require

template scaling. Theinverse, ((D{*"B)_% , is applied to site B.
1
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C. Analysis

We report harmonization efficacy asthe difference in site
means for 73 regions of interest (cerebral white matter, and 72
white-matter bundles). We compare effect sizes of MD and
FA for four harmonization schemes: no harmonization,

3

LinearRISH harmonization with Site B as reference,
LinearRISH harmonization with Site A as reference, and
MidRISH.

D. Data

To vaidate MidRISH at harmonizing data from the same
study but different scanners, we analyzed 74 Alzheimer's
Disease Neuroimaging Initiative (ADNI) (adni.loni.usc.edu)
patients split between GE 3T and SIEMENS 3T scanners,
matched for sex (22 females from each) and age (72.7+6.7
years). Both had b-values of 1000 'mm? and were sampled at
48 directions and stored with 2 x 2 x 2 mm? resolution. This
cohort was launched in 2003 as a public-private partnership,
led by Principal Investigator Michael W. Weiner, MD [23].

For the cross-study analysis, we used sex-age-diagnosis
matched data from Vanderbilt Memory and Aging Project
(VMAP) and Baltimore Longitudinal Study of Aging (BLSA).
We considered 117 participants free of cognitive impairment
(total of 234) with 65 females and ages 71.9+7.43. Both sites
used single shell acquisitions but varied gradient schemes.
VMAP acquired 32 directions at a b-value of 1000 smm?, and
BLSA acquired 64 samples at a b-value of 700 /mm?,
respectively. BLSA used a Philips 3T scanner at aresolution
of 2.2 x 2.2x 2.2 mm?® and resampled to 0.81 x 0.81 x 2.2
mm®. VMAP used a Philips 3T scanner at aresolution of 2 x 2
X 2 mm®,
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Fig. 2. Traditional LinearRISH applies atemplate & or &1 to the spherical harmonic representation to harmonize between sites. MidRISH factorsin <I>% to
project each site to a middle space that compromises the bias between sites. Visualizing the 4th order spherical harmonic representation of diffusion signal from
the corpus collosum splenium, we see the results of LinearRISH and MidRISH scaling. Note here we are visualizing the signal instead of the orthogonal

representation such as DTI.
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E. DTI and tractometry metrics

From spherical harmonic models, we can resample to
reconstruct diffusion signal. We then fit atensor to this signal
and calculate MD and FA. We calculate the mean over ll
voxelsin cerebral white matter defined by the SLANT atlas, a
deep whole brain high resolution brain segmentation [24].

To get abetter idea of the MidRISH efficacy and LinearRISH
bias across white matter, we break this region into 72 bundles
defined by the tractseg toolbox (version 2.6)[25]. Tractseg
creates a segmentation of bundles based on the DWI,
generates tract orientation maps[26] and performs
probabilistic tractography with 2000 streamlines in each
segment [27]. We extract bundle-wise tractometry (MD and
FA) using scilpy (version 1.5.0) [28], [29].

F. Implementation

1) Code
This codeis released on github:
https.//github.com/nancynewlin-masi/MidRISH.

2) Sendtivity to b-value mapping

While this work performs b-value mapping on BLSA (b=700
s/mm?) to project it to VMAP (1000 /mm?). Initial work was
limited to sites with similar acquisition parameters (same
resolution and b-values) [30], [31]. Later, Karayumak et al
proposed b-value mapping for b-values within acceptable
range prior to spherical harmonic estimation [32]. It was then
implemented for sites with b-values of 900, 1000, and 1300
s/mm? to investigate white matter abnormalitiesin

No Harmonization Site B as Reference Site

4

schizophrenia patients [8]. In this work we provide a
comparison between the traditional LinearRISH (Section A)
and MidRISH (Section B) using b-value mapping detailed in
Section D.3 and without.

3) B-value mapping

LinearRISH and MidRISH methods assume data was
acquired at similar gradient strengths. To use these methods
when there is adiscrepancy in b-value, an additional
preprocessing step is needed. Previous work [33] illustrated
that diffusion signal has linear decay for values 500 < b-value
< 1500 mm?. The equation for the new diffusion signal

Shew 1Sasfollows:
bnew (Sboriginal))
* log
boriginal SO (6)

Shpew = S0 * exp(
where Sy, ..., istheoriginal signal collected at 700 gmm?
and S, the original baseline. For all analyses we apply this

correction before template creation or application when
applicable.

4) Diffeomorphic Registration

We create the RISH template with the same protocol for
LinearRISH and MidRISH. The resulting template is a voxel-
wise scaling factor that is aligned across all subjectsin asite
and across sites. Thus, we need to register al RISH images to
a common space. We used MNI non-linear symmetric
template as the registration reference image [34], [35]. Using
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Fig. 3. Wefind significant differences betweenin MD and FA from Site A, VMAP, and Site B, BLSA (column 1) illustrated with 117 healthy subjects from each
site. The difference in site means, A, decreases by an order magnitude for both LinearRISH and MidRISH across MD and FA data. However, using BLSA as
reference in column 2 causes mean MD of VMAP to decrease and mean FA to increase. Using VMAP as reference in column 3, the mean MD of BLSA
increases and mean FA decreases. Clearly, both cannot be quantitatively correct. The proposed approach known as MidRISH provodes a mid-space as reference
and projects both sites to their geometric mean. The MidRISH harmonization space results in an average diffusivity and anisotropy across the subject spaces.
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ANTSs, we computed the rigid 3-D registration between each
subject’ s b0 image and their T 1-weighted image, then the non-
rigid transformation from T1-weighted image to the reference
MNI image[25].

Ill. RESULTS

A. Harmonizing data from different scanners

The differencein MD and FA between the two ADNI sites
was not significant and therefore minimal correction was
needed. LinearRISH and MidRISH mean MD and FA values
arerecorded in Table 1. All harmonization schemes produce
data closer to the target for MD, however we note that for FA
LinearRISH and MidRISH move site means further apart.

B. Harmonizing data from different studies

MidRISH maintains harmonization efficacy — it has averaged
performance between each LinearRISH implementation
(Figure 3). Harmonization decreases the difference in mean
MD and FA by an order magnitude. This finding is reproduced
with mean FA within 72 bundles in Figure 4.

The magnitude of the shift caused by LinearRISH is greater
than previously published effect size differences due to
multiple sclerosis[9], [36], and Alzheimer’s disease [37].
Inconsistent reference site designation using LinearRISH may
result in confounding differencesin analysis on pathological
DWI studies.

C. B-value mapping

Results for mean MD and FA with and without b-value
mapping are recorded in Table 1. Without prior correction,
MidRISH and LinearRISH shift BLSA and VMAP further
than the intended MD. We offer this comparison to elucidate
that b-value mapping is necessary for effective RISH
calculations.

IV. DiscussiON AND FUTURE RESEARCH

With the traditional method, LinearRISH removes site bias
in signal by pushing that biasto a user specified parameter,
namely the choice of reference site. As we have shown,
MidRISH removes this free parameter while maintaining
harmonization efficacy. Other limitations of LinearRISH and
RISH featuresin general are still present in MidRISH. For
both methods, the key step of template creation is computing
the average RISH feature across subjects in each voxel. This
calculation necessitates construction voxel-to-voxel
registration across subjects to reference space, then across
both sites. RISH calculations that follow use this method are
sensitive to poor registrations, especially at tissue boundaries.

Extending our choice of midpoint further, we can derive a
multivariate midpoint equation for multiple sites. Thisis

1
1\2
®. .= (Il EDx )
jomid — Ej

However, many other choices of metric are also reasonable,
and we cannot reasonably test or even enumerate all of them.
Still, we believe that broadly most choices of midpoint will be
better than harmonizing to an arbitrary choice of site.

One limitation of this study is our cohorts were comprised
of cognitively unimpaired individuals. As such, we have not
accounted for pathologies and their interactions with site
variables. While we believe that for most conditions this
harmonization will perform adequately, we have only
examined normatively healthy control subjects in this paper.
Moreover, for extreme anatomy warping conditions (e.g.,
stroke), harmonization may not be possible at a voxel level.

STUDY SCANNER  GRADIENT METHOD MEAN MD MEAN FA
STRENGTH CEREBRAL WHITE  CEREBRAL WHITE
(MM?/S) MATTER MATTER
ADNI Siemens 3T 1000 Control 0.838E-3 + 6.44E-5 0.198 £ 3.31E-2
ADNI Siemens 3T 1000 MidRISH 0.831E-3 = 6.43E-5 0.202 = 3.35E-2
ADNI Siemens 3T 1000 LinearRISH |  0.824E-3 + 6.42E-5 0.207 £ 3.39E-2
ADNI GE 3T 1000 Control 0.816E-3 + 5.82E-5 0.198 £ 2.36E-2
ADNI GE 3T 1000 MidRISH |  0.822E-3 +5.88E-5 0.195 £ 2.37E-2
ADNI GE 3T 1000 LinearRISH 0.828E-3 + 5.96E-5 0.192 + 2.37E-2
VMAP Phillips 3T 1000 Control 1.72E-3 + 1.O1E-4 0.111 £ 1.52E-2
VMAP Phillips 3T 1000 MidRISH 1.41E-3 = 1.06E-4 0.147 £ 2.15E-2
VMAP Phillips 3T 1000 LinearRISH | 1.09E-3 £ 9.65E-5 0.211+2.79E-2
BLSA Phillips 3T 700 Control 1.20E-3 & 1.88E-4 0.208 + 3.62E-2
BLSA Phillips 3T 700 MidRISH | 1.65E-3 + 1.66E-4 0.131 + 2.03E-2
BLSA Phillips 3T 700 LinearRISH 2.10E-3 + 1.62E-4 0.944 + 1.37E-2
VMAP Phillips 3T 1000 Control 1.72E-3 + 1.01E-4 0.111+ 1.52E-2
VMAP Phillips 3T 1000 MidRISH 1.25E-3 £ 6.73E-5 0.267 + 1.97E-2
VMAP Phillips 3T 1000 LinearRISH 0.85E-3 + 7.43E-5 0416+ 3.15E-2
BLSA Phillips 3T 1000* Control 0.93E-3 + 1.41E-4 0.383 + 440E-2
BLSA Phillips 3T 1000%* MidRISH 1.33E-3 + 1.40E-4 0.248 + 2.78E-2
BLSA Phillips 3T 1000% LinearRISH 1.73E-3 + 1.34E-4 0.176 £ 1.92E-2

Table 1. LinearRISH harmonization can be applied to either site DWI and this choice will have downstream effects on DTI derived metrics (MD, FA). Applying
LinearRISH to site A shifts mean MD and FA closer to site B's effect size (blue), and applying LinearRISH to site B shifts mean MD and FA closer to site A’s
effect size (red). MidRISH (green) shifts both toward their counterpart site. The middle section reports that harmonizing sites with different b-values causes the
projection to overshoot the reference site and incorrectly calibrate the mid-space. This supports the need for b-val ue correction during preprocessing, indicated by

(*) next to the b-values in the third section.
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V. CONCLUSION
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Fig. 4. Across 72 anatomically defined bundles, MidRISH (grey) consistently
generates tractometry metrics in the middle of the original (blue) and
LinearRISH (green) means. For each bundle, we cal culated average FA across
117 VMAP scans for each harmonization scheme.

MidRISH reduces bias of reference selection while
preserving harmonization efficacy of traditional LinearRISH.
In this paper we illustrate the bias of selection site on effect-
size and offer an alternative method that eliminates this step in
favor of the geometric mean between sites.

[1]

[2]

(3]

[4]

(5]

(6]

8]

[9]

[10]

V1. REFERENCES

T. E. Conturo et al., “Tracking neuronal fiber
pathways in the living human brain,” Applied Physical
Sciences, vol. 96, pp. 10422-10427, 1999, Accessed:
Oct. 31, 2022. [Onling]. Available: www.pnas.org.

C. Pierpaoli, P. Jezzard, P. J. Basser, A. Barnett, and
G. Di Chiro, “Diffusion tensor MR imaging of the
human brain.,”
https://doi.org/10.1148/radiology.201.3.8939209, vol.
201, no. 3, pp. 637648, Dec. 1996, doi:
10.1148/RADIOLOGY .201.3.8939209.

E. L. Dennisetal.,“CHANGESIN ANATOMICAL
BRAIN CONNECTIVITY BETWEEN AGES 12
AND 30: A HARDI STUDY OF 467
ADOLESCENTS AND ADULTS,” Proceedings/

| EEE International Symposium on Biomedical
Imaging: from nano to macro. |EEE International
Symposium on Biomedical Imaging, p. 904, 2012, doi:
10.1109/1 SBI1.2012.6235695.

M. Daianu et al., “Breakdown of Brain Connectivity
Between Normal Aging and Alzheimer’s Disease: A
Structural k-Core Network Analysis’, doi:
10.1089/brain.2012.0137.

K. Caeyenberghs et al., “Brain connectivity and
postural control in young traumatic brain injury
patients: A diffusion MRI based network analysis,”
Neuroimage Clin, vol. 1, no. 1, p. 106, 2012, doi:
10.1016/J.NICL.2012.09.011.

B. C. Bernhardt, Z. Chen, Y. He, A. C. Evans, and N.
Bernasconi, “Graph-Theoretical Analysis Reveals
Disrupted Small-World Organization of Cortical
Thickness Correlation Networks in Temporal Lobe
Epilepsy,” Cerebral Cortex, vol. 21, no. 9, pp. 2147—
2157, Sep. 2011, doi: 10.1093/CERCOR/BHQ291.
W. Yuan, S. L. Wade, and L. Babcock, “ Structural
Connectivity Abnormality in Children with Acute
Mild Traumatic Brain Injury using Graph Theoretica
Analysis,” 2014, doi: 10.1002/hbm.22664.

S. Cetin-Karayumak et al ., “White matter
abnormalities across the lifespan of schizophrenia: a
harmonized multi-site diffusion MRI study,”
Molecular Psychiatry 2019 25:12, vol. 25, no. 12, pp.
3208-3219, Sep. 2019, doi: 10.1038/s41380-019-
0509-y.

M. D. Homos, M. T. Ali, M. F. Osman, and D. M.
Nabil, “DTI metrics reflecting microstructural changes
of normal appearing deep grey matter in multiple
sclerosis,” The Egyptian Journal of Radiology and
Nuclear Medicine, val. 48, no. 4, pp. 1005-1008, Dec.
2017, doi: 10.1016/J.EJRNM.2017.04.012.

Y. Yang et al., “White matter microstructural metrics
are sensitively associated with clinical stagingin


https://doi.org/10.1101/2023.08.12.553099
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.12.553099; this version posted August 15, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

> REPLACE THISLINE WITH Y OURPARER YDENTFERIA ONNUMBER (BOEBLE-CLICK HERE TO EDIT) < 7

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

Alzheimer's disease,” Alzheimer’'s & Dementia:
Diagnosis, Assessment & Disease Monitoring, vol. 15,
no. 2, p. €12425, Apr. 2023, doi:
10.1002/DAD2.12425.

C. M. Tax et al., “ Cross-scanner and cross-protocol
diffusion MRI data harmonisation: A benchmark
database and evaluation of algorithms,” Neuroimage,
vol. 195, pp. 285-299, Jul. 2019, doi:
10.1016/j.neuroimage.2019.01.077.

V. A. Magnottaet al., “MultiCenter Reliability of
Diffusion Tensor Imaging,” Brain Connect, val. 2, no.
6, p. 345, Dec. 2012, doi: 10.1089/BRAIN.2012.0112.
C. Vollmar et al., “Identical, but not the same: Intra-
site and inter-site reproducibility of fractional
anisotropy measures on two 3.0 T scanners,”
Neuroimage, vol. 51, no. 4, pp. 1384-1394, Jul. 2010,
doi: 10.1016/J.NEUROIMAGE.2010.03.046.

K. G. Schilling et al., “Fiber tractography bundle
segmentation depends on scanner effects, vendor
effects, acquisition resolution, diffusion sampling
scheme, diffusion sensitization, and bundle
segmentation workflow,” Neuroimage, vol. 242, p.
118451, Nov. 2021, doi:
10.1016/J.NEUROIMAGE.2021.118451.

N. R. Newlin et al., “Comparing voxel- and feature-
wise harmonization of complex graph measures from
multiple sites for structural brain network
investigation of aging,”
https://doi.org/10.1117/12.2653947, vol. 12464, pp.
537-543, Apr. 2023, doi: 10.1117/12.2653947.

J. P. Fortin et al., “Harmonization of multi-site
diffusion tensor imaging data,” Neuroimage, vol. 161,
pp. 149-170, Nov. 2017, doi:
10.1016/J.NEUROIMAGE.2017.08.047.

M. S. Pinto et al., “Harmonization of Brain Diffusion
MRI: Concepts and Methods,” Front Neurosci, vol.
14, May 2020, doi: 10.3389/FNINS.2020.00396.
“Spherical Harmonics — MRtrix 3.0 documentation.”
https://mrtrix.readthedocs.io/en/3.0.4/concepts/'spheric
a_harmonics.ntml (accessed Apr. 02, 2023).

M. Afzali, H. Knutsson, E. Ozarslan, and D. K. Jones,
“Computing the orientational-average of diffusion-
weighted MRI signals: a comparison of different
techniques,” Scientific Reports 2021 11:1, val. 11, no.
1, pp. 1-16, Jul. 2021, doi: 10.1038/s41598-021-
93558-1.

M. Kazhdan, T. Funkhouser, and S. Rusinkiewicz,
“Rotation Invariant Spherical Harmonic
Representation of 3D Shape Descriptors,”
Eurographics Symposium on Geometry Processing,
2003.

S. Cetin-Karayumak et al ., “White matter
abnormalities across the lifespan of schizophrenia: a
harmonized multi-site diffusion MRI study,”
Molecular Psychiatry 2019 25:12, vol. 25, no. 12, pp.
3208-3219, Sep. 2019, doi: 10.1038/s41380-019-
0509-y.

R. Kurokawa et al., “ Cross-scanner reproducibility
and harmonization of adiffusion MRI structural brain
network: A traveling subject study of multi-b

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

acquisition,” Neuroimage, vol. 245, p. 118675, Dec.
2021, doi: 10.1016/J.NEUROIMAGE.2021.118675.
C.R. Jack et al., “The Alzheimer’s Disease
Neuroimaging Initiative (ADNI): MRI methods,” J
Magn Reson Imaging, vol. 27, no. 4, pp. 685-691,
Apr. 2008, doi: 10.1002/JIMRI.21049.

Y. Huo et al., “ 3D whole brain segmentation using
spatially localized atlas network tiles,” Neuroimage,
vol. 194, pp. 105-119, Jul. 2019, doi:
10.1016/J.NEUROIMAGE.2019.03.041.

J. Wasserthal, P. Neher, and K. H. Maier-Hein,
“TractSeg - Fast and accurate white matter tract
segmentation,” Neuroimage, vol. 183, pp. 239-253,
Dec. 2018, doi:
10.1016/J.NEUROIMAGE.2018.07.070.

J. Wasserthal, P. F. Neher, and K. H. Maier-Hein,
“Tract orientation mapping for bundle-specific
tractography,” Lecture Notesin Computer Science
(including subseries Lecture Notesin Artificial
Intelligence and Lecture Notes in Bioinformatics), vol.
11072 LNCS, pp. 36-44, Jun. 2018, doi: 10.1007/978-
3-030-00931-1_5.

J. Wasserthal, P. F. Neher, D. Hirjak, and K. H.
Maier-Hein, “Combined tract segmentation and
orientation mapping for bundle-specific tractography,”
Med Image Anal, vol. 58, p. 101559, Dec. 2019, doi:
10.1016/J.MEDIA.2019.101559.

E. Garyfallidis, O. Ocegueda, D. Wassermann, and M.
Descoteaux, “Robust and efficient linear registration
of white-matter fascicles in the space of streamlines,”
Neuroimage, vol. 117, pp. 124-140, Aug. 2015, doi:
10.1016/J.NEUROIMAGE.2015.05.016.

E. Garyfalidis et al., “Recognition of white matter
bundles using local and global streamline-based
registration and clustering,” Neuroimage, vol. 170, pp.
283-295, Apr. 2018, doi:
10.1016/J.NEUROIMAGE.2017.07.015.

H. Mirzadlian et al., “Inter-site and inter-scanner
diffusion MRI data harmonization,” Neuroimage, vol.
135, pp. 311-323, Jul. 2016, doi:
10.1016/J.NEUROIMAGE.2016.04.041.

H. Mirzaalian et al., “Muulti-site harmonization of
diffusion MRI datain aregistration framework,”
Brain Imaging Behav, vol. 12, no. 1, p. 284, Feb.
2018, doi: 10.1007/S11682-016-9670-Y .

S. Cetin Karayumak et al., “ Retrospective
harmonization of multi-site diffusion MRI data
acquired with different acquisition parameters,”
Neuroimage, vol. 184, pp. 180-200, Jan. 2019, doi:
10.1016/j.neurcimage.2018.08.073.

S. Cetin Karayumak et al., “ Retrospective
harmonization of multi-site diffusion MRI data
acquired with different acquisition parameters,”
Neuroimage, vol. 184, p. 180, Jan. 2019, doi:
10.1016/J.NEUROIMAGE.2018.08.073.

V. Fonov, A. Evans, R. McKinstry, C. Almli, and D.
Coallins, “Unbiased nonlinear average age-appropriate
brain templates from birth to adulthood,” Neuroimage,
vol. 47, p. S102, Jul. 2009, doi: 10.1016/S1053-
8119(09)70884-5.


https://doi.org/10.1101/2023.08.12.553099
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.12.553099; this version posted August 15, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

> REPLACE THISLINE WITH Y OURPARER YDENTFERIA ONNUMBER (BOEBLE-CLICK HERE TO EDIT) <

[35]

[36]

[37]

V. Fonov, A. C. Evans, K. Botteron, C. R. Almli, R.
C. McKingtry, and D. L. Callins, “Unbiased average
age-appropriate atlases for pediatric studies,”
Neuroimage, vol. 54, no. 1, pp. 313-327, Jan. 2011,
doi: 10.1016/J.NEUROIMAGE.2010.07.033.

D. J. Werring, C. A. Clark, G. J. Barker, A. J.
Thompson, and D. H. Miller, “Diffusion tensor
imaging of lesions and normal-appearing white matter
in multiple sclerosis,” Neurology, vol. 52, no. 8, pp.
16261632, May 1999, doi: 10.1212/WNL.52.8.1626.
N. H. Stricker et al., “ Decreased white matter integrity
in late-myelinating fiber pathwaysin Alzheimer’s
disease supports retrogenesis,” Neuroimage, val. 45,
no. 1, p. 10, Mar. 2009, doi:
10.1016/J.NEUROIMAGE.2008.11.027.

8


https://doi.org/10.1101/2023.08.12.553099
http://creativecommons.org/licenses/by-nd/4.0/

