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Diffusion Tensor Imaging (DTI) is the most employed method to assess white
matter properties using quantitative parameters derived from diffusion MRI, but
it presents known limitations that restrict the evaluation of complex structures.
The objective of this study was to validate the reliability and robustness of
complementary diffusion measures extracted with a novel approach, Apparent
Measures Using Reduced Acquisitions (AMURA), with a typical diffusion MRI
acquisition from a clinical context in comparison with DTl with application
to clinical studies. Fifty healthy controls, 51 episodic migraine and 56 chronic
migraine patients underwent single-shell diffusion MRI. Four DTl-based and eight
AMURA-based parameters were compared between groups with tract-based
spatial statistics to establish reference results. On the other hand, following a
region-based analysis, the measures were assessed for multiple subsamples with
diverse reduced sample sizes and their stability was evaluated with the coefficient
of quartile variation. To assess the discrimination power of the diffusion measures,
we repeated the statistical comparisons with a region-based analysis employing
reduced sample sizes with diverse subsets, decreasing 10 subjects per group
for consecutive reductions, and using 5,001 different random subsamples. For
each sample size, the stability of the diffusion descriptors was evaluated with the
coefficient of quartile variation. AMURA measures showed a greater number of
statistically significant differences in the reference comparisons between episodic
migraine patients and controls compared to DTI. In contrast, a higher number
of differences was found with DTl parameters compared to AMURA in the
comparisons between both migraine groups. Regarding the assessments reducing
the sample size, the AMURA parameters showed a more stable behavior than DT,
showing a lower decrease for each reduced sample size or a higher number of
regions with significant differences. However, most AMURA parameters showed
lower stability in relation to higher coefficient of quartile variation values than the
DTI descriptors, although two AMURA measures showed similar values to DTI.
For the synthetic signals, there were AMURA measures with similar quantification
to DTI, while other showed similar behavior. These findings suggest that AMURA
presents favorable characteristics to identify differences of specific microstructural
properties between clinical groups in regions with complex fiber architecture and
lower dependency on the sample size or assessing technique than DTI.
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FIGURE 3
Boxplots of the distribution of different measures for EM, CM, and HC for three specific regions: PCT, ICP-R, and EC-R. The star marks those regions
with statistically significant differences in the ROl analysis. (A) 3 sets (HC, CM, EM). (B) 2 sets (HC and migraine).

especially for the EM-CM comparison, as can be seen in Figure 6C.
However, even in that case, the number of significant ROIs
drastically decreased for a group sample size of 40. In addition,
few ROIs with statistically significant differences were found
for the rest of DTI measures and for the other two group
comparisons, in any sample size, which made the assessment
of the relationship between DTI measures and sample size
unfeasible.

Results showed a stable behavior of AMURA measures in
relation to the sample size, which can be understood as a linear
dependence between the group sample size and the number of
statistically significant ROIs. In Figure 6A, this behavior can be
better understood and interpreted in measures such as qMSD,
which was the most robust one in the comparison between EM and
HC. Furthermore, RTOP, gMSD, and DiA also showed a robust
behavior in the CM vs HC comparison. Notice that AMURA
measures reached the lack of statistical significance ROIs for a
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group sample size of 10. However, when reducing the sample size
to half (N = 25), most AMURA metrics still were able to find
differences between groups, while only a few differences remained
for the DTI case.

In order to better understand this effect, we now analyze
the behavior of the measures in selected ROIS. We have chosen,
according to results in Table 2, those 13 regions in which DTI
measures showed differences with the original sample size for
EM vs. HC (see Figure 7A). For those 13 ROIs, in 7 of them FA
showed significant differences for N = 50, 5 for MD and 5 for
AD (see ROIs marked in amber). Then, we look at the results
for those specific ROIs for a reduced sample size of N 25.
Note that, in that case, when the number of subjects is reduced
to half, the FA was only able to detect one ROI (out of 7), MD
only one (out of 5), and AD none (ROIs marked in red). When
we look to the AMURA metrics, we see that they were able to
still keep most of those differences even for a reduced sample size
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FIGURE 4

Absolute value of effect sizes (absolute Cohen's d) for associations between (A) EM and HC; (B) EM and CM; (C) CM and HC. Different DTl and
AMURA metrics are considered for eight selected ROIs (MCP, PCT, SCC, ML-R, ML-L, ICP-R, SS-R, EC-R) according to the JHU WM Atlas. The star
marks those regions with statistically significant differences in the ROl analysis.

(see ROIs marked in green): DiA and APA, anisotropy measures
similar to the FA, were able to, respectively find 4 and 7 out of
the original 7 FA ROIs. RTAP, and YT'/? succeed in finding 2 of
the 5 MD ROIs, while RTOP finds 3 and qMSD 4 of them. In
addition, with RTPP, 2 out of the 5 AD ROIs were identified for
the reduced sample size. All in all, for this comparison, AMURA
outperformed DTT in keeping the differences even for a smaller
sample size.

As an illustration, in Figure 7B, the 13 considered ROIS
are depicted. For each ROI, the metrics that showed significant
differences for a sample size of N = 25 are displayed.

3.5. TBSS (original sample)
As we have previously stated, the ROI analysis carried out

in the previous sections could be an illustrative example of the
performance of the different metrics and it gives a valuable
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insight on the relation among them. However, since no statistical
correction was considered, the results could not be acceptable
for clinical studies. Thus, in order to mimic an actual clinical
study, we have now repeated the analysis using TBSS for the three
comparisons.

Using the DTT measures (FA, MD, AD, and RD), statistically
significant differences between CM and EM patients were observed
for two parameters. Patients with CM showed lower AD and MD
values than EM in 40 and 38 out of 48 regions from the JHU-
WM Atlas, respectively. No statistically significant differences were
found using DTT measures between EM and HC or between CM
and HC.

For the AMURA metrics, the comparison between patients
with EM and HC showed the highest number of parameters with
statistically significant differences. Significant lower RTOP, RTAP,
qMSD, APA, DiA, and T1/2 values in EM compared to HC were
found in 41, 39, 43, 27, 29, and 9 ROIs out of 48, respectively.
Concerning the comparison between both groups of patients,
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FIGURE 5
Absolute value of Cohen'’s D-values for the three group comparisons in the Full WM: (A) Episodic Migraine (EM) vs. Healthy Controls (HC); (B) EM vs.
Chronic Migraine (CM); (C) CM vs. HC. DTl and AMURA measures are depicted. For each measure, the total number of ROIs that presented
statistically significant differences obtained with the ROl and TBSS statistical approaches are also noted.
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FIGURE 6
Number of ROIls with statistically significant differences by the resampling of diffusion measures reducing the number of subjects per group (sample
size). (A) Episodic Migraine (EM) vs. Healthy Controls (HC). (B) Chronic Migraine (CM) vs. HC. (C) CM vs. EM. No statistical correction was considered.
For each case the median of 5,001 permutations considered.

higher values in CM compared to EM were identified for the RTPP
and YT1/2 in 4 and 32 regions, respectively.

Figure 8 shows the TBSS results including all the ROIs that
presented statistically significant differences together with the FA
skeleton. On the one hand, for EM vs. HC and CM vs. HC
comparisons, all the AMURA measures which showed significant
differences are merged and depicted in the figure, that is, RTOP,
RTAP, APA, gMSD, T'/2 and only DiA for EM vs. HC. On the other
hand, DTI and AMURA measures can be distinguished in the last
CM vs. EM comparison. For DTI, the merged measures depicted
are AD and MD, while for AMURA are RTPP and Y1/2, As it can be
seen, AMURA measures showed differences in group comparisons
where the DTI ones did not, as shown in the green circles. A
summary with the previous TBSS results regarding the number of
ROIs and the group comparisons can be found in Figure 9.

3.6. Analysis of stability
Figure 10 depicts the average values of CQV for all the DTI

and AMURA-based diffusion measures. The measures with the
highest stability (lowest CQV) were the RTPP and the APA, with an
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approximate average CQV of 2% considering all the regions. Other
measures with relatively high stability were the three DTI measures
(FA, MD, and AD), Y12 and DIA, with CQV average values
between 2% and 5%. The remaining DTT and AMURA descriptors
(RD, RTAP, and RTOP), presented a moderate-high stability, with
CQYV average values between 5% and 10%. The descriptor with the
lowest stability was the qMSD, with CQV average values between
15% and 20%.

Regarding the comparisons between the three groups of
interest, after reducing the group sample size to 45 subjects, the
assessment of the CQV 95% CI showed that the HC presented
a general higher variability than patients with EM and CM. The
parameters with a higher number of regions with statistically
significant differences between HC and migraine patients according
to the 95% CI were the three AMURA measures (RTOP, RTPP,
and RTAP) and the MD, with 14-22 regions presenting differences.
Additionally, in the comparison between HC and CM, the CQV of
APA or T1/2 were significantly higher in HC than CM in 13 regions.
The number of regions with CQV differences between CM and EM
was lower compared to the comparison between HC and the patient
groups. FA and MD were the descriptors with a higher number
of regions (nine) that showed higher variance in EM compared to

frontiersin.org
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FIGURE 7
Significant ROIs found for a reduced sample size (N = 25). (A) Table of ROIs found at N = 25 compared to the original sample size (EM vs. HC). In
amber, the ROIS with differences for DTI at the original sample size; in red, those ROIS with differences for DTI for a reduced sample size (N = 25); in
green, those ROIS with differences for AMURA for a reduced sample size (N = 25). (B) The 13 ROIs detected by DTI at the original sample size are
shown in the white matter. For each ROI, we have added the label of those metrics that show significant differences for a sample size of N = 25

CM, and MD was also the parameter with more regions (eight) with
significantly higher variance in CM.

4. Discussion and conclusions

In this study, we assessed the viability of advanced diffusion
descriptors obtained with a novel approach, AMURA, in
comparison with traditional DTI parameters. To this end, their
capability to discriminate difference between clinical groups of
interest was compared, together with the stability of these results for
reduced sample sizes. Using synthetic and real data with a single-
shell and low b-value, we observed that AMURA is sensitive to
changes of parameters associated with the dMRI signal, showing
a higher capability of discrimination between clinical groups, even
for decreased sample sizes. Specifically, with AMURA we detected
a larger number of ROIs with statistically significant differences
between groups, or results complementary to those identified with
DTI, presenting higher effect size but lower stability than DTI
metrics.

Advanced diffusion descriptors such as RTOP, RTAP and APA
have shown to be useful for the analysis of the WM of the brain
(Aja-Fernandez et al, 2020; Planchuelo-Gomez et al., 2020b,c).

Frontiersin Neuroscience

However, their conventional calculation requires acquisition
protocols including several b-values, a high number of diffusion
gradient directions and very long processing times. This makes
them unfeasible for their use in clinical practice or in many
commercial MRI scanners. Besides, the use of these metrics in
retrospective studies is usually impossible since the acquisition
protocols do not allow for it.

AMURA was proposed to allow the estimation of apparent
versions of these advanced diffusion measures from reduced
acquisitions (Aja-Ferndndez et al., 2020, 2021, 2022). It provides a
fast and straightforward method to compute them from a single
shell and very short processing times. Metrics calculated with
AMURA have shown a high correlation with measures calculated
using a multishell approach, such as MAP-MRI (Ozarslan et al.,
2013), MAPL (Fick R. H. et al., 2016), or MiSFIT (Tristan-
Vega and Aja-Fernandez, 2021), for high b-values (at least
2,000 s/mm?). For lower values, these measures show a weaker
correlation since the underlying features measured are better visible
at higher b-values (Aja-Ferndndez et al., 2020, 2022). However,
we hypothesized that AMURA metrics can still provide useful
information at lower b-values, complementary to that obtained
from DTI-based measures. This paper focuses precisely on that
hypothesis and tries to elucidate whether AMURA-based measures
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differences in group comparisons where the DTI ones did not

Results of TBSS analysis: statistically significant clusters of voxels distinguishing between DTl and AMURA approaches. Mean FA image at the
background, FA skeleton colored in blue and significant ROls colored in red-yellow. (A) Episodic Migraine (EM) vs. Healthy Controls (HC): merged
AMURA measures (RTOP, RTAP, APA, gMSD, T/2, and DiA). (B) CM vs. EM: merged DTI (AD and MD) and AMURA (RTPP and Y*/?) measures. DTI
measures do not detect any significant ROI either in EM vs. HC nor CM vs. HC. Green circles showed the areas where AMURA measures showed
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groups. (A) ROI based analysis (no statistical correction). (B) TBSS analysis (with family-wise error correction).
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(CM). DTl and AMURA measures are shown. The measures with the higher stability have lower CQV.

obtained from standard DTI-type acquisitions are useful in group
studies.

To that end, we have resorted to migraine as our target
pathology, because of several reasons. First, diffusion MRI studies
in the literature show that differences between patients and HC,
or between different groups of patients (EM vs. CM) are subtle, as
studies using small sample sizes have often reported no differences
and even contradictory findings have been published (Chong and
Schwedt, 2015; Messina et al., 2015; Neeb et al., 2015; Gomez-
Beldarrain et al., 2016; Shibata et al., 2018; Coppola et al., 2020;
Planchuelo-Gomez et al., 2020a).

To study the viability of AMURA-based measures, two
different statistical analysis were carried out, including a ROI-
based analysis and conventional TBSS, together with the assessment
of the behavior of the diverse measures from reduces sample
sizes and of the stability. We show that AMURA measures
obtained from DTI-type acquisitions were able to successfully find
statistically significant differences between the three groups under
study (HC, EM, and CM), including differences that were not
detected using DTI-based measures. Although AMURA showed
additional differences between groups in a preliminary previous
study (Planchuelo-Gomez et al., 2020c), the magnitude of the
additional differences, particularly those between EM and HC, was
unexpected.

With a single-shell and low b-value acquisition, AMURA
shows itself as a method complementary to DTI, as reflected
by the results from the TBSS analysis (Figure 9B). On the one
hand, DTI-based AD and MD showed a good performance for
the comparison between EM and CM, with a great number of
ROIs with statistically significant differences, while AMURA-based

Frontiersin Neuroscience

measures detected equivalent but a lower number of differences. On
the other hand, in the comparison between EM and HC, differences
were only found using AMURA-based measures, and in a relatively
large number of ROIs. The reason of these differences may be
that both techniques represent changes associated with diverse
pathophysiological mechanisms, as shown in the example with
synthetic data, where only AMURA was able to identify changes
of the free water fraction. Further studies on disorders with better
characterized pathophysiology than migraine must be carried out
to understand the different sensitivity to varied biological processes
of DTT and AMURA.

Regarding the behavior of the DTT and AMURA measures in
the synthetic experiment for diverse free water fractions, some
AMURA parameters showed higher sensitivity to the free water
changes. For constant FA, gMSD, T 1/2 and RTOP presented higher
changes for small changes of the free water fraction than the MD,
while DiA and APA remained constant. For constant MD, DiA and
FA showed similar changes and the APA showed higher changes
than the FA, without constant values of any AMURA parameter.
These results suggest that AMURA can better determine differences
caused by changes of free water fraction in comparison with DTI,
as some parameters presented higher sensitivity. Therefore, the
consequence would be that AMURA measures may be able to find
subtler differences between clinical groups compared to DTT, in line
with previously reported results in migraine (Planchuelo-Gémez
et al., 2020¢).

The complementary nature of DTI- and AMURA-based
measures is confirmed by the ROI-based analysis (Table 2 and
Figure 9A). In the comparison between CM and EM, for instance,
the MD was the metric that detected a higher number of regions
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with statistically significant differences, but there were some ROIs
with differences exclusively identified by one or more AMURA-
based measures (e.g., the PCT). In the same way, there were ROIs
with differences exclusively found with the MD or AD (e.g., the
SS-R), and ROIs with differences identified by both DTI- and
AMURA-based measures (e.g., the EC-L).

If we focus on those regions selected in Figure 3 (PCT, ICP-
R, and EC-R) we can better understand what is happening with
the behavior of the distribution of the different metrics inside
the selected ROIs. First, let us focus on the anisotropy measures,
FA, APA, and DiA. According to Table 2, there are no differences
between groups for the FA for any of the three ROIs. On the other
hand, APA and DiA reflected differences for EM vs. HC (for the
three ROIs), for EM vs. CM (in the PCT) and CM vs. HC (both
in EC-R). These results are confirmed by the boxplots in Figure 3,
where AMURA-anisotropy measures were able to better separate
the three groups. It is of interest to note that when migraine is
considered as a single set, results are more similar for the three
metrics, confirming that anisotropy differences between controls
are migraine were really present. Regarding the other metrics, AD
and MD were able to find significant differences in most cases for
the three ROIs, according to Figure 3. However, AMURA metrics
always find the same differences but with a greater size effect. As an
example of this, we can focus on the PCT for EM vs. HC, where we
can see that all the metrics succeed in finding differences but with
different effect sizes.

All in all, from the results in Table 2 and Figure 3, we can see
that the behavior of AMURA and DTT is similar, although MD and
AD showed a lower variance for the CM group. The separation
between the groups follows very similar trends within the three
ROIs considered. However, AMURA manages to better find these
existing differences, and with a larger effect size.

The sensitivity of AMURA-based measures was analyzed
by further comparing the effect size found in the different
comparisons between groups. A classical method to determine
the magnitude of the differences between groups is Cohen’s
D, which considers the variability of the sample in relation
to the average value. As illustrated in Figures4, 5, DTI-based
and AMURA-based measures showed comparable effect sizes for
the EM-CM and CM-HC comparisons. In the first case, DTI-
based AD and MD reached medium effect sizes (0.5; for the
whole WM), while Cohen’s D for FA barely exceeded small
effect size threshold (0.2). For this last comparison, Cohen’s
D for AMURA-based measures varied between the small and
the medium effect thresholds. For the comparison between CM
and EM, however, Cohen’s D-values were notably lower for all
measures, barely reaching 0.3 for DTI-based AD. Finally, regarding
the comparison between EM and HC, while DTI-based FA and
MD reached Cohen’s D-values around 0.3, AMURA-based RTOP,
qMSD, and DIA reached values over 0.5. These differences in effect
sizes among different measures and different group comparisons
offer a good explanation for the results shown in Table2
and Figure 9.

Whereas it may be tempting to think about EM and CM as
different degrees of the same pathological process, recent results
(Coppola et al., 2020; Planchuelo-Gomez et al., 2020a) support
the hypothesis of EM and CM being different entities at the
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microstructural level, each accompanied by different changes in
the WM. Following this hypothesis, DTI-based measures seem
well-fitted to detect WM changes in CM, while AMURA-based
methods perform remarkably well for the changes that occur in
EM. Although the interpretation of changes in DTI or AMURA-
based measures is not straightforward, results suggest that WM
changes in EM with respect to HC (specifically, lower RTOP and
RTAP) might be related to changes in the transverse diffusivity,
while changes in CM with respect to EM (such as higher RTPP and
lower AD) might be more related to changes in the diffusivity in the
axonal or main direction. As previously stated, the complementary
use of DTT and AMURA may be useful to detect changes of different
nature using data obtained with a low b-value and single-shell
acquisition. The specific pathophysiological mechanisms related to
changes of diverse essence in AMURA must be assessed in future
studies.

Considering the difficulty to obtain large sample sizes in group
studies, it is important to assess the behavior of the diverse diffusion
measures when the number of subjects per group is reduced. As
depicted in Figure 6, both DTI-based and AMURA-based measures
shared the expected trend, meaning that the number of ROIs with
statistically significant differences decreases as the sample size is
reduced. However, as shown in the experiment in Figure 7, when
the number of samples is reduced to half, DTI metrics were no
longer able to detect the differences between groups in most ROIs,
whereas AMURA could. From the 13 ROIs considered in the
experiment, DTT lost 11 of them when reducing the sample size,
while AMURA only lost 2 of them. This effect favors the usage of
AMURA metrics in studies with a small sample size.

The assessment of the stability provides another interesting
perspective for the evaluation and comparison between different
diffusion measures. The diffusion measures that showed higher
stability (lower CQV) were AMURA-based APA and RTPP, and the
DTI-based measures, while AMURA-based QMSD seems to present
low stability. This high variability was expected, since qMSD is a
quadratic measure, so it must show a greater range of variability.
Interestingly, it presented a relatively high number of regions
with statistically significant differences in the comparisons of both
migraine groups against controls for diverse sample sizes despite
their low stability. Therefore, the results of this study suggest that
qMSD is able to characterize specific microstructural properties
that are particularly difficult to find with other parameters.
Moreover, as it has been suggested previously in this section,
differences between both groups of patients with migraine and
controls may be qualitatively distinct compared to the differences
between CM and EM. Furthermore, QMSD is especially sensitive to
short diffusion time scales (Ning et al., 2015).

It is important to note that the AMURA-based measures
employed in this paper must be considered as apparent values
at a given b-value, and their interpretation in terms of the
microstructure properties may be different from that of the original
EAP-based diffusion measures. Although the relationship between
AMURA-based measures and their original counterparts deserves
further study, in this paper we deliberately chose not to pursue this
comparison to focus on the viability of AMURA-based measures to
complement DTT in scenarios where EAP-based measures cannot
be obtained.
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This study presents limitations that must be pointed out. First,
the pathophysiological interpretation of the different trends of the
AMURA-based measures is not totally clear, so a description of the
microstructural properties according to the values of each measure
cannot be provided. As mentioned previously, the apparent nature
of AMURA-based measures and their complex relationship with
the original EAP-based measures prevent the direct adoption of
interpretations from those EAP-based measures. Microstructural
studies like those conducted for DTI-based measures (Alexander
etal.,, 2007; Winklewski et al., 2018) are needed to fully understand
the results obtained with AMURA.

Furthermore, the results obtained in this study cannot
be directly translated to other pathologies affecting the
WM of the brain. Even though AMURA can be expected
to be a useful information to detect differences in group
studies targeting other diseases, further research is needed to
confirm that.

In conclusion, this study showed that the new AMURA-based
measures can be easily integrated in group studies using single-shell
dMRI acquisition protocols, and they can reveal WM changes that
may remain hidden with traditional DT-based measures. The wide
variety of AMURA, a fast and relatively simple approach, provides
measures that allow to extract values that are able to find differences
between groups for restricted sample sizes and dMRI acquisition
protocols.

Data availability statement

The datasets used for this study belong to Hospital Clinico
Universitario (Valladolid) and cannot be made public. Researchers
may request access to them by contacting the corresponding
author. Requests to access these datasets should be directed to
sanaja@tel.uva.es.

Ethics statement

The studies involving human participants were reviewed
and approved by Comité Etico, Hospital Clinico Universitario
de Valladolid. The patients/participants provided their written
informed consent to participate in this study.

Author contributions

CM-M: validation, formal analysis, investigation, writing—
draft, editing. AP-G:
methodology, validation, formal analysis, investigation, data

original and writing—review and

References

Aja-Ferndndez, S., de Luis-Garcia, R., Afzali, M., Molendowska, M., Pieciak, T., and
Tristin-Vega, A. (2020). Micro-structure diffusion scalar measures from reduced MRI
acquisitions. PLoS ONE 15:¢0229526. doi: 10.1371/journal.pone.0229526

Aja-Fernindez, S., Pieciak, T., Martin-Martin, C., Planchuelo-Gémez, A., de Luis-
Garcia, R., and Tristin-Vega, A. (2022). Moment-based representation of the diffusion

Frontiersin Neuroscience

16

10.3389/fnins.2023.1106350

curation, writing—original draft, and writing—review and editing.
AG and DG-A: methodology and validation. AT-V: methodology,
validation, formal analysis, supervision, project administration,
and funding acquisition. RL-G: methodology, validation, formal
analysis, investigation, writing—original draft, supervision, project
administration, and funding acquisition. SA-F: conceptualization,
methodology, software, validation, formal analysis, investigation,
writing—original draft, writing—review and editing, supervision,
project administration, and funding acquisition. All authors
contributed to the article and approved the submitted version.

Funding

This work was supported by Ministerio de Ciencia e
Innovaciéon PID2021-124407NB-100 and TED2021-130758B-100,
funded by MCIN/AEI/10.13039/501100011033 and the European
Union NextGenerationEU/PRTR, being MCIN: Ministerio de
Ciencia e Innovacién; AEI: Agencia Estatal de Investigacion (with
doi: 10.13039/501100011033); and PRTR: Plan de Recuperacion,
Transformacion y Resiliencia. CM-M was funded by the Junta de
Castilla y Le6n and Fondo Social Europeo Plus (FSE+). AP-G was
funded by the European Union - NextGenerationEU.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those
of the authors and do not necessarily represent those of
their affiliated organizations, those of the publisher,
the editors and the reviewers. Any product that may be

or

evaluated in this article, or claim that may be made by
its manufacturer, is not guaranteed or endorsed by the
publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnins.2023.
1106350/full#supplementary-material

inside the brain from reduced DMRI acquisitions: Generalized AMURA. Med. Image
Anal. 77:102356. doi: 10.1016/j.media.2022.102356

Aja-Fernandez, S., Tristin-Vega, A., and Jones, D. K. (2021). Apparent propagator
anisotropy from single-shell diffusion MRI acquisitions. Magn. Reson. Med. 85,
2869-2881. doi: 10.1002/mrm.28620

frontiersin.org


https://doi.org/10.3389/fnins.2023.1106350
mailto:sanaja@tel.uva.es
https://doi.org/10.13039/501100011033
https://www.frontiersin.org/articles/10.3389/fnins.2023.1106350/full#supplementary-material
https://doi.org/10.1371/journal.pone.0229526
https://doi.org/10.1016/j.media.2022.102356
https://doi.org/10.1002/mrm.28620
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

Martin-Martin et al.

Alexander, A. L., Lee, J. E., Lazar, M., and Field, A. S. (2007). Diffusion tensor
imaging of the brain. Neurotherapeutics 4, 316-329. doi: 10.1016/j.nurt.2007.05.011

Alexander, D. C. (2008). A general framework for experiment design in diffusion
MRI and its application in measuring direct tissue-microstructure features. Magn.
Reson. Med. 60, 439-448. doi: 10.1002/mrm.21646

Altunkaynak, B., and Gamgam, H. (2019). Bootstrap confidence intervals for
the coefficient of quartile variation. Commun. Stat. Simul. Comput. 48, 2138-2146.
doi: 10.1080/03610918.2018.1435800

Andersson, J. L., and Sotiropoulos, S. N. (2016). An integrated approach to
correction for off-resonance effects and subject movement in diffusion MR imaging.
Neuroimage 125, 1063-1078. doi: 10.1016/j.neuroimage.2015.10.019

Assemlal, H.-E., Tschumperlé, D., Brun, L., and Siddiqji, K. (2011). Recent advances
in diffusion MRI modeling: angular and radial reconstruction. Med. Image Anal. 15,
369-396. doi: 10.1016/j.media.2011.02.002

Avram, A. V., Sarlls, J. E., Barnett, A. S., Ozarslan, E., Thomas, C., Irfanoglu,
M. O, et al. (2016). Clinical feasibility of using mean apparent propagator
(MAP) MRI to characterize brain tissue microstructure. Neurolmage 127, 422-434.
doi: 10.1016/j.neuroimage.2015.11.027

Basser, P. J., and Jones, D. K. (2002). Diffusion-tensor MRI: theory, experimental
design and data analysis-a technical review. NMR Biomed. 15, 456-467.
doi: 10.1002/nbm.783

Basser, P. J., Mattiello, J., and LeBihan, D. (1994). MR diffusion tensor spectroscopy
and imaging. Biophys. J. 66, 259-267. doi: 10.1016/S0006-3495(94)80775-1

Bette, S., Huber, T., Wiestler, B., Boeckh-Behrens, T., Gempt, J., Ringel,
F., et al. (2016). Analysis of fractional anisotropy facilitates differentiation of
glioblastoma and brain metastases in a clinical setting. Eur. J. Radiol. 85, 2182-2187.
doi: 10.1016/j.ejrad.2016.10.002

Boscolo Galazzo, 1., Brusini, L., Obertino, S., Zucchelli, M., Granziera, C.,
and Menegaz, G. (2018). On the viability of diffusion MRI-based microstructural
biomarkers in ischemic stroke. Front. Neurosci. 12:92. doi: 10.3389/fnins.2018.00092

Brusini, L., Obertino, S., Galazzo, 1. B., Zucchelli, M., Krueger, G., Granziera,
C., et al. (2016). Ensemble average propagator-based detection of microstructural
alterations after stroke. Int. J. Comput. Assist. Radiol. Surg. 11, 1585-1597.
doi: 10.1007/s11548-016-1442-z

Chong, C. D, and Schwedt, T. J. (2015). Migraine affects white-matter
tract integrity: a diffusion-tensor imaging study. Cephalalgia 35, 1162-1171.
doi: 10.1177/0333102415573513

Coppola, G., Di Renzo, A., Tinelli, E., Petolicchio, B., Di Lorenzo, C., Parisi, V.,
et al. (2020). Patients with chronic migraine without history of medication overuse are
characterized by a peculiar white matter fiber bundle profile. J. Headache Pain 21, 1-8.
doi: 10.1186/s10194-020-01159-6

Descoteaux, M., Deriche, R., Le Bihan, D., Mangin, J.-F., and Poupon, C. (2011).
Multiple q-shell diffusion propagator imaging. Med. Image Anal. 15, 603-621.
doi: 10.1016/j.media.2010.07.001

Dhollander, T., Raffelt, D., and Connelly, A. (2016). “Unsupervised 3-tissue
response function estimation from single-shell or multi-shell diffusion MR data
without a co-registered T1 image,” in ISMRM Workshop on Breaking the Barriers of
Diffusion MRI, Vol. 5 (Lisbon).

Fick, R. H., Wassermann, D., Caruyer, E., and Deriche, R. (2016). MAPL: tissue
microstructure estimation using Laplacian-regularized MAP-MRI and its application
to HCP data. NeuroImage 134, 365-385. doi: 10.1016/j.neuroimage.2016.03.046

Fick, R. H. J., Pizzolato, M., Wassermann, D., Zucchelli, M., Menegaz, G., and
Deriche, R. (2016). “A sensitivity analysis of q-space indices with respect to changes in
axonal diameter, dispersion and tissue composition,” in 2016 IEEE 13th International
Symposium on Biomedical Imaging (ISBI), 1241-1244. doi: 10.1109/ISBI.2016.7493491

Galbén, C., Hoff, B., Chenevert, T., and Ross, B. (2017). Diffusion MRI
in early cancer therapeutic response assessment. NMR Biomed. 30:e3458.
doi: 10.1002/nbm.3458

Gomez-Beldarrain, M., Oroz, I, Zapirain, B. G., Ruanova, B. F., Fernandez,
Y. G., Cabrera, A, et al. (2016). Right fronto-insular white matter tracts link
cognitive reserve and pain in migraine patients. J. Headache Pain 17, 1-12.
doi: 10.1186/s10194-016-0593-1

Goveas, J., O’Dwyer, L., Mascalchi, M., Cosottini, M., Diciotti, S., De Santis, S.,
et al. (2015). Diffusion-MRI in neurodegenerative disorders. Magn. Reson. Imag. 33,
853-876. doi: 10.1016/j.mri.2015.04.006

Herbert, E., Engel-Hills, P., Hattingh, C., Fouche, J.-P., Kidd, M., Lochner, C., et al.
(2018). Fractional anisotropy of white matter, disability and blood iron parameters in
multiple sclerosis. Metab. Brain Dis. 33, 545-557. doi: 10.1007/s11011-017-0171-5

Hosseinbor, A. P., Chung, M. K, Wu, Y.-C,, and Alexander, A. L. (2013).
Bessel Fourier orientation reconstruction (BFOR): an analytical diffusion propagator
reconstruction for hybrid diffusion imaging and computation of g-space indices.
NeuroImage 64, 650-670. doi: 10.1016/j.neuroimage.2012.08.072

Ito, K, Kudo, M., and Sasaki, M. (2016). Detection of changes in the
periaqueductal gray matter of patients with episodic migraine using quantitative

Frontiersin Neuroscience

10.3389/fnins.2023.1106350

diffusion kurtosis imaging: preliminary findings. Neuroradiology 58, 115-120.
doi: 10.1007/s00234-015-1603-8

Jenkinson, M., Beckmann, C. F., Behrens, T. E., Woolrich, M. W., and Smith, S. M.
(2012). FSL. Neuroimage 62, 782-790. doi: 10.1016/j.neuroimage.2011.09.015

Kochunov, P., Williamson, D., Lancaster, J., Fox, P., Cornell, J., Blangero, J.,
et al. (2012). Fractional anisotropy of water diffusion in cerebral white matter
across the lifespan. Neurobiol. Aging 33, 9-20. doi: 10.1016/j.neurobiolaging.2010.
01.014

Mekkaoui, C., Reese, T. G., Jackowski, M. P., Bhat, H., and Sosnovik, D. E. (2017).
Diffusion MRI in the heart. NMR Biomed. 30:¢3426. doi: 10.1002/nbm.3426

Messina, R., Rocca, M. A., Colombo, B., Pagani, E., Falini, A., Comi, G., et al. (2015).
White matter microstructure abnormalities in pediatric migraine patients. Cephalalgia
35, 1278-1286. doi: 10.1177/0333102415578428

Mole, J. P., Subramanian, L., Bracht, T., Morris, H., Metzler-Baddeley, C., and
Linden, D. E. (2016). Increased fractional anisotropy in the motor tracts of Parkinson’s
disease suggests compensatory neuroplasticity or selective neurodegeneration. Eur.
Radiol. 26, 3327-3335. doi: 10.1007/s00330-015-4178-1

Neeb, L., Bastian, K., Villringer, K., Gits, H. C., Israel, H., Reuter, U, et al. (2015). No
microstructural white matter alterations in chronic and episodic migraineurs: a case-
control diffusion tensor magnetic resonance imaging study. Headache 55, 241-251.
doi: 10.1111/head.12496

Nichols, T., and Holmes, A. P. (2002). Nonparametric permutation tests for
functional neuroimaging: a primer with examples. Hum. Brain Mapp. 15, 1-25.
doi: 10.1002/hbm.1058

Ning, L., Westin, C.-F., and Rathi, Y. (2015). Estimating diffusion propagator and
its moments using directional radial basis functions. IEEE Trans. Med. Imag. 34,
2058-2078. doi: 10.1109/TMI1.2015.2418674

Novikov, D. S., Fieremans, E., Jespersen, S. N., and Kiselev, V. G. (2019). Quantifying
brain microstructure with diffusion MRI: theory and parameter estimation. NMR
Biomed. 32:€3998. doi: 10.1002/nbm.3998

Oishi, K., Zilles, K., Amunts, K., Faria, A., Jiang, H., Li, X,, et al. (2008).
Human brain white matter atlas: identification and assignment of common
anatomical structures in superficial white matter. Neuroimage 43, 447-457.
doi: 10.1016/j.neuroimage.2008.07.009

Ozarslan, E., Koay, C. G., Shepherd, T. M., Komlosh, M. E., irfanoglu, M.
O., Pierpaoli, C., et al. (2013). Mean apparent propagator (MAP) MRI: a novel
diffusion imaging method for mapping tissue microstructure. NeuroImage 78, 16-32.
doi: 10.1016/j.neuroimage.2013.04.016

Pelletier, A., Periot, O., Dilharreguy, B., Hiba, B., Bordessoules, M., Chanraud, S.,
et al. (2016). Age-related modifications of diffusion tensor imaging parameters and
white matter hyperintensities as inter-dependent processes. Front. Aging Neurosci.
7:255. doi: 10.3389/fnagi.2015.00255

Planchuelo-Gémez, A., Garcia-Azorin, D., Guerrero, A. L., Aja-Fernandez, S.,
Rodriguez, M., and de Luis-Garcia, R. (2020a). Structural connectivity alterations in
chronic and episodic migraine: a diffusion magnetic resonance imaging connectomics
study. Cephalalgia 40, 367-383. doi: 10.1177/0333102419885392

Planchuelo-Gémez, A., Garcia-Azorin, D., Guerrero, A. L., Aja-Fernandez, S.,
Rodriguez, M., and de Luis-Garcfa, R. (2020b). White matter changes in chronic
and episodic migraine: a diffusion tensor imaging study. J. Headache Pain 21, 1-15.
doi: 10.1186/s10194-019-1071-3

Planchuelo-Gémez, A., Garcia-Azorin, D., Guerrero, A. L., de Luis-Garcia, R.,
Rodriguez, M., and Aja-Fernandez, S. (2020c). Alternative microstructural measures
to complement diffusion tensor imaging in migraine studies with standard MRI
acquisition. Brain Sci. 10:711. doi: 10.3390/brainscil0100711

Rovaris, M., Gass, A., Bammer, R., Hickman, S. J., Ciccarelli, O., Miller, D.
H., et al. (2005). Diffusion MRI in multiple sclerosis. Neurology 65, 1526-1532.
doi: 10.1212/01.wnl.0000184471.83948.e0

Shibata, Y., Ishiyama, S., and Matsushita, A. (2018). White matter
diffusion abnormalities in migraine and medication overuse headache: a 1.5-
t tract-based spatial statistics study. Clin. Neurol. Neurosurg. 174, 167-173.
doi: 10.1016/j.clineuro.2018.09.022

Smith, S. M., Jenkinson, M., Woolrich, M. W., Beckmann, C. F., Behrens,
T. E., Johansen-Berg, H., et al. (2004). Advances in functional and structural
MR image analysis and implementation as FSL. Neuroimage 23, S208-S219.
doi: 10.1016/j.neuroimage.2004.07.051

Smith, S. M., and Nichols, T. E. (2009). Threshold-free cluster enhancement:
addressing problems of smoothing, threshold dependence and localisation in cluster
inference. Neuroimage 44, 83-98. doi: 10.1016/j.neuroimage.2008.03.061

Tournier, J.-D., Smith, R., Raffelt, D., Tabbara, R., Dhollander, T., Pietsch,
M., et al. (2019). MRtrix3: A fast, flexible and open software framework

for medical image processing and visualisation. Neuroimage 202:116137.
doi: 10.1016/j.neuroimage.2019.116137

Tristin-Vega, A., and Aja-Fernandez, S. (2021). Efficient and accurate EAP
imaging from multi-shell dMRI with micro-structure adaptive convolution

frontiersin.org


https://doi.org/10.3389/fnins.2023.1106350
https://doi.org/10.1016/j.nurt.2007.05.011
https://doi.org/10.1002/mrm.21646
https://doi.org/10.1080/03610918.2018.1435800
https://doi.org/10.1016/j.neuroimage.2015.10.019
https://doi.org/10.1016/j.media.2011.02.002
https://doi.org/10.1016/j.neuroimage.2015.11.027
https://doi.org/10.1002/nbm.783
https://doi.org/10.1016/S0006-3495(94)80775-1
https://doi.org/10.1016/j.ejrad.2016.10.002
https://doi.org/10.3389/fnins.2018.00092
https://doi.org/10.1007/s11548-016-1442-z
https://doi.org/10.1177/0333102415573513
https://doi.org/10.1186/s10194-020-01159-6
https://doi.org/10.1016/j.media.2010.07.001
https://doi.org/10.1016/j.neuroimage.2016.03.046
https://doi.org/10.1109/ISBI.2016.7493491
https://doi.org/10.1002/nbm.3458
https://doi.org/10.1186/s10194-016-0593-1
https://doi.org/10.1016/j.mri.2015.04.006
https://doi.org/10.1007/s11011-017-0171-5
https://doi.org/10.1016/j.neuroimage.2012.08.072
https://doi.org/10.1007/s00234-015-1603-8
https://doi.org/10.1016/j.neuroimage.2011.09.015
https://doi.org/10.1016/j.neurobiolaging.2010.01.014
https://doi.org/10.1002/nbm.3426
https://doi.org/10.1177/0333102415578428
https://doi.org/10.1007/s00330-015-4178-1
https://doi.org/10.1111/head.12496
https://doi.org/10.1002/hbm.1058
https://doi.org/10.1109/TMI.2015.2418674
https://doi.org/10.1002/nbm.3998
https://doi.org/10.1016/j.neuroimage.2008.07.009
https://doi.org/10.1016/j.neuroimage.2013.04.016
https://doi.org/10.3389/fnagi.2015.00255
https://doi.org/10.1177/0333102419885392
https://doi.org/10.1186/s10194-019-1071-3
https://doi.org/10.3390/brainsci10100711
https://doi.org/10.1212/01.wnl.0000184471.83948.e0
https://doi.org/10.1016/j.clineuro.2018.09.022
https://doi.org/10.1016/j.neuroimage.2004.07.051
https://doi.org/10.1016/j.neuroimage.2008.03.061
https://doi.org/10.1016/j.neuroimage.2019.116137
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

Martin-Martin et al.

kernels and dual Fourier integral transforms (MiSFIT). Neurolmage 227:117616.
doi: 10.1016/j.neuroimage.2020.117616

Tristdn-Vega, A., Paris, G., de Luis-Garcia, R., and Aja-Fernandez, S.
(2022). Accurate free-water estimation in white matter from fast diffusion MRI
acquisitions using the spherical means technique. Magn. Reson. Med. 87, 1028-1035.
doi: 10.1002/mrm.28997

Veraart, ]., Novikov, D. S., Christiaens, D., Ades-Aron, B., Sijbers, J., and Fieremans,
E. (2016). Denoising of diffusion MRI using random matrix theory. Neuroimage 142,
394-406. doi: 10.1016/j.neuroimage.2016.08.016

Wedeen, V. J., Hagmann, P., Tseng, W.-Y. I, Reese, T. G., and Weisskoff, R.
M. (2005). Mapping complex tissue architecture with diffusion spectrum magnetic
resonance imaging. Magn. Reson. Med. 54, 1377-1386. doi: 10.1002/mrm.20642

Westin, C.-F., Maier, S. E., Mamata, H., Nabavi, A., Jolesz, F. A., and Kikinis, R.
(2002). Processing and visualization for diffusion tensor MRI. Med. Image Anal. 6,
93-108. doi: 10.1016/S1361-8415(02)00053-1

Frontiersin Neuroscience

18

10.3389/fnins.2023.1106350

Winklewski, P. J., Sabisz, A., Naumczyk, P., Jodzio, K., Szurowska, E., and Szarmach,
A. (2018). Understanding the physiopathology behind axial and radial diffusivity
changes-what do we know? Front. Neurol. 9:92. doi: 10.3389/fneur.2018.00092

Wu, Y.-C, Field, A. S., and Alexander, A. L. (2008). Computation of diffusion
function measures in q-space using magnetic resonance hybrid diffusion
imaging. IEEE Trans. Med. Imaging 27, 858-865. doi: 10.1109/TMI.2008.
922696

Zhang, Y., Brady, M., and Smith, S. (2001). Segmentation of brain MR
images through a hidden Markov random field model and the expectation-
maximization algorithm. IEEE Trans. Med. Imaging 20, 45-57. doi: 10.1109/42.
906424

Zucchelli, M., Brusini, L., Méndez, C. A., Daducci, A., Granziera, C., and
Menegaz, G. (2016). What lies beneath? Diffusion EAP-based study of brain
tissue microstructure. Med. Image Anal. 32, 145-156. doi: 10.1016/j.media.2016.
03.008

frontiersin.org


https://doi.org/10.3389/fnins.2023.1106350
https://doi.org/10.1016/j.neuroimage.2020.117616
https://doi.org/10.1002/mrm.28997
https://doi.org/10.1016/j.neuroimage.2016.08.016
https://doi.org/10.1002/mrm.20642
https://doi.org/10.1016/S1361-8415(02)00053-1
https://doi.org/10.3389/fneur.2018.00092
https://doi.org/10.1109/TMI.2008.922696
https://doi.org/10.1109/42.906424
https://doi.org/10.1016/j.media.2016.03.008
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

