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ARTICLE INFO ABSTRACT

Keywords: Diffusion Microstructure Imaging (DMI) has emerged as a transformative neuroimaging technique that offers
Diffusion microstructure imaging unprecedented insights into brain tissue microstructure by disentangling contributions from the volumes of the
D'TI . intra-axonal (V-intra), extra-axonal (V-extra), and free-fluid (V-CSF) compartments. We aimed to systematically
Egﬁtzz‘;;vml review the current applications and future directions of the DMI for neurology research. Following the PRISMA
Neuroimaging 2020 guidelines, PubMed, Scopus, Web of Science, and Embase were searched for articles published up to May

2025. Our review synthesized narratively, DMI's applications in neurology, and evaluated its diagnostic and
prognostic potential across neurological disorders. Twenty-one studies were included. Across various studies on
tumors, neurodegeneration, stroke, aging, hydrocephalus, epilepsy, and pain, DMI consistently identified
microstructural alterations that could not be detected by conventional diffusion tensor imaging and diffusion
kurtosis imaging. In brain tumors, the DMI demonstrated high diagnostic accuracy by distinguishing lymphoma
from glioblastoma and characterizing peritumoral infiltration in glioblastoma compared to metastases. In
Parkinsonian syndromes, elevated free-water fractions in the basal ganglia and cerebellopontine tracts were
strongly correlated with clinical severity and enabled subtype differentiation. In cases of acute stroke and COVID-
19, DMI metrics provided more sensitive mapping of cytotoxic and vasogenic edema than the Apparent Diffusion
Coefficient. Normative aging studies revealed distinct patterns of tract-specific maturation and senescence.
Furthermore, applications in idiopathic normal pressure hydrocephalus, epilepsy, and migraine showed DMI’s
capability to detect fluid accumulation, axonal loss, and the integrity of nociceptive pathways, respectively. This
review underscores that DMI demonstrates superior sensitivity compared to conventional diffusion techniques.

1. Introduction become clear that water diffusion can also be isotropic or influenced by

factors beyond the WM fiber structure, such as GM complexity [8,9]. DTI

Magnetic resonance imaging (MRI) is a versatile and novel tool for
studying the structure and function of the human central nervous system
(CNS) [1]. MRI can provide high-resolution images of brain anatomy
and information on brain activity, metabolism, perfusion, and connec-
tivity [2,3]. Diffusion MRI (dMRI) is one of the most important appli-
cations of MRI in neurology is diffusion MRI (AMRI), which measures the
random motion of water molecules [4,5]. dMRI can reveal the micro-
structural properties and connectivity of white matter (WM) tracts,
making it useful for investigating various neurological and neuropsy-
chological disorders [6,7].

Conventional dMRI techniques have both limitations and challenges.
Diffusion tensor imaging (DTI) was initially developed to characterize
WM microstructure by modeling anisotropic water diffusion, and it has
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cannot resolve complex crossing fiber configurations within a voxel.
Advanced dMRI techniques have been developed to provide a more
nuanced characterization of both WM and GM microstructures and to
overcome the limitations of DTI, such as diffusion kurtosis imaging
(DKI) [10,11]. DKI extends conventional tensor-based models by
quantifying the degree of non-Gaussian water diffusion through kurtosis
metrics, such as mean kurtosis, axial kurtosis, and radial kurtosis,
thereby offering increased sensitivity to microstructural complexity and
heterogeneity in both the WM and GM [10,12]. Furthermore, neurite
orientation dispersion and density imaging (NODDI) represents an
advance over conventional diffusion techniques; it has some limitations
in characterizing tissue microstructures [13,14]. Specifically, NODDI
assumes fixed intrinsic diffusivities, models only a single fiber
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population within each voxel, and relies on simplifying assumptions
regarding the shape and orientation distribution of neurites [15]. This
may fail to fully capture the complexity of the tissue microarchitecture.
The nonlinear fitting approach used in NODDI also makes it prone to
noise effects in diffusion data [16].

One of these advanced techniques for overcoming this limitation is
diffusion microstructure imaging (DMI) (Fig. 1) [17,18], which uses a
Bayesian approach to estimate tissue microstructure properties from
diffusion-weighted imaging (DWI) data [19]. DMI scheme to recover its
three-compartment model parameters within seconds [19] rather than
reformulating the fitting as a convex optimization problem [20,21]. The
DMI model distinguishes between three volume fractions [19,22]: V-CSF
(volume fraction of the free water compartment), V-intra (volume
fraction of the intra-axonal compartment), and V-extra (volume fraction
of the extra-axonal compartment, encompassing the extra-axonal
cellular space and the extracellular matrix). Additionally, it identifies
the corresponding diffusivities, namely, Dax-intra (axial intra-axonal
diffusivity) and Dax-extra (axial extra-axonal diffusivity). Thus, DMI
uses a Bayesian approach that is less sensitive to noise and can account
for multiple fiber populations and properties, such as axon diameter
distributions [18]. DMI’s ability to disentangle macroscopic tissue ge-
ometry (such as fiber crossings) from the effects of tissue microstructure
(such as axon diameters and densities) on the diffusion signal is a major
strength that allows it to reveal the complexity and fractal nature of
brain tissue [17,23]. Indeed, the DMI can also account for complex and
crossing fiber configurations within a voxel and work with conventional
single-pulsed field gradient data [23]. Thus, we aim to review the cur-
rent applications and future directions of DMI in neurology.

2. Methods
2.1. Search strategy

PRISMA 2020 was followed [24]. Four major electronic databases,
PubMed, Scopus, Web of Science, and Embase, were searched up to May
6, 2025. The search strategy combined terms related to such things as
"diffusion microstructure imaging" and participant characteristics,
including neurological situations or specific biomarker assessments.
This strategy was modified to fit the search interface and capabilities of
the other databases.

2.2. Data extraction and collection process

All records retrieved from electronic databases were imported into
Covidence (www.covidence.org), an online platform for conducting
systematic reviews. Duplicates were identified and removed using
Covidence’s automated tool, supplemented by manual cross-checking.
Two reviewers (S.M. and S.G.) independently screened the titles and
abstracts of all records for eligibility using Covidence based on pre-
determined inclusion and exclusion criteria. The inclusion criteria were
as follows: (a) utilized DMI; (b) conducted on neurological patients or
involved specific neurological biomarkers; and (c) empirical studies
published in peer-reviewed journals. Exclusion criteria were as follows:
(a) studies not involving human subjects (animal studies); (b) review
articles, editorials, or commentaries; (c) studies that did not explicitly
use DMI; and (d) studies not published in English.

The full texts of potentially eligible records were obtained and
reassessed for inclusion using the aforementioned criteria. Any dis-
agreements were resolved through discussion by a senior researcher (F.
F.). Data extraction was performed independently by two reviewers
using a standardized data extraction form developed for this study. The
form comprised the following fields: (a) first author and publication
year; (b) participant characteristics (e.g., disease, disorder, and health
status); (c) sample size; (d) MRI details; and (e) main findings of the
study. This design ensured systematic and comprehensive extraction of
relevant information from each study.
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2.3. Data synthesis and quality assessments

Narrative synthesis was conducted owing to the heterogeneity of the
studies and outcome measures. The information was synthesized and
presented in summary tables and text. To evaluate the quality of the
studies, the modified Newcastle-Ottawa Scale (NOS), adapted from the
Ottawa checklist for cross-sectional studies [25,26], was employed. This
scale assesses the study quality based on three key domains: selection,
comparability, and outcome criteria. Studies achieving a score of 9 were
classified as very high quality, those scoring 7-8 as high quality, scores
of 5-6 indicated satisfactory quality, and scores ranging from 0-4 were
deemed to reflect unsatisfactory quality [27]. This assessment was
independently conducted by two reviewers (SG and SM). Meta-analysis
was not conducted because of the methodological and domain hetero-
geneity among the included studies.

3. Results
3.1. Overview of results

The literature search for this review initially identified 119 records
from databases and one additional record through citation searching
[28] due to not explicitly mentioning DMI. After removing 66 duplicates
and five records for other reasons, 49 unique records were screened. Of
these, six were excluded, resulting in 43 reports being sought for
retrieval. All 43 studies were retrieved and assessed for eligibility.
Following this assessment, 23 reports were excluded for various reasons:
five for not about neurology (musculoskeletal), nine for lacking specific
DMI findings, three for being animal studies, four for being toolbox
development or methodological studies, and two because they were
comments or poster presentations without full text. Ultimately, 21
studies included in this systematic review investigated the current and
future applications of DMI in neurology (Fig. 2), covering various
neurological situations or specific biomarker assessments, such as
neuropsychiatric features, aging, neurodegeneration, and development
processes, idiopathic normal pressure hydrocephalus (iNPH), glioblas-
toma (GBM), metastases, Parkinson’s disease (PD), progressive supra-
nuclear palsy (PSP), multiple system atrophy (MSA), corticobasal
syndrome (CBS), coronavirus disease (COVID-19), hippocampal scle-
rosis (HS), ischemic stroke, and temporal lobe epilepsy (Table 1). Each
study was independently evaluated for quality, and all studies that
achieved a score of 7 or higher were included.

DMI protocols across studies generally involve 3T MRI scanners,
multi-shell DWI (commonly with b-values around 1000 and 2000 s/
mm?, although some studies used additional or higher b-values), and
head coils (often 64-channel). Specific parameters such as TR, TE, voxel
size, and number of diffusion directions varied slightly between studies
but were generally within a comparable range for acquiring DMI data.
Participant characteristics often included patients with specific neuro-
logical conditions compared to the control groups (healthy or other
conditions). DMI findings consistently highlight the ability of the tech-
nique to differentiate tissue microstructures (V-intra, V-extra, V-CSF,
and related diffusivities, such as Dax-intra and Dax-extra) in various
pathological conditions, often showing advantages over or providing
complementary information to conventional MRI and DTI.3.2. Neuro-
oncology: Gliomas, Lymphomas, and Metastases

3.2. Neuro-oncology: Gliomas, Lymphomas, and Metastases

The DMI has been shown to be useful in characterizing and differ-
entiating various brain tumors. In a study on adult-type gliomas, sig-
nificant differences in V-intra were observed among GBM IDH wild-type,
astrocytoma IDH mutant, and oligodendroglioma IDH mutant, particu-
larly depending on the distance from the tumor tissue [17]. While DMI
showed promise, DKI metrics (ADC and MK) were found to be superior
in predicting IDH status and discriminating astrocytomas from
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Simplified DMI Workflow

1. ala Data Acquisition

Collect multi-shell diffusion MRI scans.

N2

2. ¥ Preprocessing

Correct for noise, motion, and distortions.

N

3. ¥ Model Fitting (Bayesian Estimation)
Utilize Bayesian estimation scheme to efficiently recover three-
compartment model parameters. DMI models distinguish:
Volume fractions: V-CSF, V-intra, V-extra.
Diffusivities: Dax-intra, Dax-extra.

J

4. MR Parameter Maps Generation
Generate quantitative maps of microstructural properties, including:
V-CSF (Free Water Volume Fraction)
V-intra (Intra-axonal Volume Fraction)
V-extra (Extra-axonal Volume Fraction)
Dax-intra (Axial Intra-axonal Diffusivity)
Dax-extra (Axial Extra-axonal Diffusivity)

N

5. [ Analysis & Interpretation

Statistically analyze generated parameter maps and interpret
neurobiological findings.

Fig. 1. Simplified workflow of Diffusion Microstructure Imaging (DMI). The pipeline comprises five key stages: (1) Multi-shell diffusion MRI data acquisition; (2)
Preprocessing including noise/motion correction; (3) Bayesian estimation of a three-compartment model (V-CSF = free water, V-intra = intra-axonal volume, V-extra
= extra-axonal volume) with diffusivity parameters (Dax-intra, Dax-extra); (4) Generation of quantitative microstructure parameter maps; (5) Statistical analysis and
neurobiological interpretation of results.

3
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Identification of new studies via databases and registers
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Identification of new studies via other methods
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2 New studies included in review
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Fig. 2. PRISMA flow diagram depicting the study selection process.

oligodendrogliomas. Another investigation into glioma subtypes found
that V-intra in the peritumoral region showed significant differences
among the three subtypes [32]. Furthermore, V-CSF and V-intra
demonstrated significant AUC values for predicting IDH mutation status
and discriminating between astrocytomas and oligodendrogliomas [32].
Furthermore, when comparing primary CNS lymphoma (PCNSL) and
GBM, significantly increased V-intra and microFA, along with signifi-
cantly lower V-CSF, were found in PCNSL [34]. These DMI metrics
showed high predictive values for differentiating PCNSL from GBM,
with histopathology revealing increased cell density and preserved
axonal microstructure in PCNSL.

The DMI revealed distinct microstructural characteristics in differ-
entiating GBM from metastases. In metastases, Dax-extra was signifi-
cantly reduced in the inner peritumoral zone compared to the outer zone
[22]. Conversely, in GBM, reduced Dax-extra and significantly lower
V-intra accompanied by elevated Dax-intra were observed in the inner
zone. The gradients for Dax-intra and Dax-extra from the outer to inner
zones were significantly higher in metastases than in GBM. Another
study focusing on perilesional T2 signal changes found a significant
increase in V-CSF in perimetastatic T2 hyperintensities compared to
GBM [23]. Additionally, significant decreases in V-intra and V-extra
were noted in metastases relative to GBM, with perilesional V-CSF being
discriminative for GBM versus metastasis (ROC AUC, 0.824). Histolog-
ical findings [23] supported these DMI results, showing vasogenic
edema features in metastases that were absent or marginal in GBM. A
separate investigation [37] also highlighted that fractional anisotropy
(FA) was significantly increased and orientation dispersion (OD) was
decreased in GBMs compared with metastases, with these metrics
showing associations with glial fibrillary acidic protein (GFAP) and
Bielschowsky scores.

3.3. Disorders with neurodegeneration

The DMI has been used to investigate microstructural alterations in
several neurodegenerative disorders. In PD, voxel- and region-based
comparisons revealed significant differences in DMI parameters in the

substantia nigra (SN) and putamen between patients with PD and HC.
Specifically, poorer motor performance in PD (MDS-UPDRS-III ON state)
correlated with increased free fluid (V-CSF) in the SN and putamen [33,
38]. Research comparing body-first and brain-first PD subtypes [30]
indicated that amygdala degeneration was significantly more pro-
nounced in "brain-first" PD, reflected by increased V-CSF. However, no
significant differences were found in SN between these subtypes. For PD
patients undergoing subthalamic nucleus deep brain stimulation
(STN-DBS) [33], an association with notable effect sizes, although not
reaching significance after Bonferroni correction, was observed between
poorer DBS-response and increased free interstitial fluid (V-CSF) in the
SN and STN, but not in the putamen [33].

In PSP, voxel-wise analyses demonstrated significant associations
between cerebral microstructure (V-CSF) and Frontal Assessment Bat-
tery (FAB) scores in the right-sided frontal and temporopolar WM [29].
Deficits in specific cognitive domains correlated with microstructural
changes in distinct brain regions: "Memory’ deficits correlated with
hippocampal and temporomesial regions; reduced ’Orientation’ corre-
lated with widespread white-matter areas with parietal accentuation;
and ’Attention’ deficits correlated with frontal and prefrontal structures.
Another study [40] on PSP patients with PSP revealed widespread
axonal loss (reduced V-intra) in the superior cerebellar peduncles,
dentato-rubro-thalamic tracts, thalami, and frontal WM compared to a
pooled group. A region-of-interest (ROI)-based approach showed high
accuracy (0.96) in identifying PSP in a validation cohort using thalamus
and frontal WM metrics, with DMI being more sensitive to microstruc-
tural changes in PSP than DTI.

Studies on MSA indicated nigrostriatal degeneration (larger V-CSF,
loss of cells/neurites) in both MSA-Parkinsonian subtype (MSA-P) and
MSA-Cerebellar subtype (MSA-C) compared to HC [35]. Patients with
MSA-P showed more pronounced putaminal degeneration than those
with MSA-C. Both MSA-P and MSA-C exhibited cerebellopontine axonal
degeneration, which was more pronounced in MSA-C. This degeneration
of cerebellopontine fibers was associated with impaired dexterity in
both subtypes, whereas no such association was found with nigrostriatal
degeneration. Furthermore, a combination of DMI and Tissue
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Table 1

Current evidence on diffusion microstructure imaging (DMI) findings: DMI Metric Findings.
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Study Year Participant Characteristics Number of Subjects/Controls DMI Protocol (b-values, DMI Findings
diffusion direction, field
strength, coil)
Wiirtemberger 2025  Patients with adult-type glioma. 59 patients (31 GBM IDH 3T Significant differences between the
etal. [17] wildtype; 12 Astrocytoma IDH DWI for DKI, NODDI, and DMI: three glioma subtypes for ADC, MK,
mutant Grade 2, 1 Grade 3, 4 2D EPI sequence, multiple b- OD], and V-intra, depending on
Grade 4; 3 Oligodendroglioma values (0, 500, 1000, 1500, distance from tumor tissue.
IDH mutant Grade 2, 8 Grade 3). 2000, 2500 s/mm?), TR 5900 ADC and MK showed the best
ms, TE 95 ms, voxel size 2.0 x prediction for IDH status and
2.0 x 5.0 mm. DMI parameters:  discriminating astrocytomas from
v-intra, V-extra, V-CSF. oligodendrogliomas (max AUC
0.910).
NODDI and DMI showed promise but
were inferior to DKI.
Schroter et al. 2025 31 patients with PSP. 31 PSP patients / No controls 3T Voxel-wise analyses showed
[29] mentioned for DMI comparison, Multishell dMRI with b-values significant associations between
but analysis was on patient data including 1000 and 2000 s/ cerebral microstructure (V-CSF) and
only. mm?. FAB scores in the right-sided frontal
and temporopolar WM.
Deficits in "Memory’ correlated with
hippocampal and temporomesial
regions. Reduced ’Orientation’
correlated with widespread white-
matter areas with parietal
accentuation.
Deficits in *Attention’ correlated with
frontal and prefrontal structures.
Schroter et al. 2025  PD patients classified into body-first 30 PD patients (21 body-first, 9 3T No significant differences in the SN
[30] and brain-first subtypes based on brain-first). 64-channel head and neck coil. ~ between subtypes.
RBD history. DMI sequence: axial Amygdala degeneration significantly
orientation, 42 slices, voxel size more pronounced in "brain-first" PD,
1.5 x 1.5 x 3 mm?, TR 2800 reflected by increased V-CSF.
ms, TE 88 ms, 58 diffusion-
encoding gradient directions,
15 non-diffusion-weighted
images, 2 x 58 images with b-
factors 1000 and 2000 s/mm?
Toubasi et al. 2025 43 treatment-naive people with 43 patients (MS, CIS, or RIS) /18 3T SMT-derived Vax differed in all
[31] newly diagnosed MS, CIS, or RIS, and HCs 32-channel receive head coil. comparisons between T2-lesions,
18 HCs. Multishell dMRI (parameters in ~ ¢BHs, NAWM in patients, and NWM
Table 1, includes 2 b-shells, 32 in HCs.
directions for 1st shell, 64 for Vax had higher accuracy and larger
2nd). effect size than DTI-derived AD in
differentiating areas with even
minimal tissue injury.
Zerweck et al. 2025 59 patients with adult-type glioma 59 glioma patients (further 3T DMI parameters V-intra showed
[32] (GBMs IDH wildtype, astrocytomas subtyped) / No healthy controls Multi-b value DWI (0, 500, significant differences between the
IDH mutant, oligodendrogliomas IDH  mentioned for direct DMI 1000, 1500, 2000, 2500 s/ three glioma subtypes in the
mutant). comparison. mm?). DMI analysis used a peritumoral region (ROIe).
Bayesian approach. V-CSF and V-intra showed significant
AUC values for predicting IDH
mutation status. v-CSF and V-intra
also significantly discriminated
between astrocytomas and
oligodendrogliomas.
Hermann et al. 2024 23 PD patients who underwent STN- 23 PD patients / No healthy 3T The association between a poorer
[33] DBS. controls for DMI comparison Multishell dMRI with b-values DBS-response and increased V-CSF
mentioned. of 1000 and 2000 s/mm?. showed notable effect sizes in the SN
and STN, but not in the putamen,
though not reaching significance
after Bonferroni correction.
Wiirtemberger 2024  Patients with newly diagnosed 10 PCNSL and 10 age-matched 3T Significantly increased V-intra and
et al. [34] PCNSL and age-matched GBM. GBM patients. 64-channel head and neck coil. ~ microFA in PCNSL compared to GBM.
Excluded patients with relevant small Diffusion MRI: axial Significantly lower MD, aD,
vessel disease, concomitant vascular orientation, 42 slices, voxel size ~ microADC, V-CSF, and V-ISO in
lesions, or features of 1.5 x 1.5 x 3 mm?®, TR 2800 PCNSL.
neurodegenerative disorders. ms, TE 88 ms, 58 diffusion- ROC analysis showed high predictive
encoding gradient directions values for several DMI metrics in
per shell with b-factors 1000 differentiating PCNSL from GBM.
and 2000 s/mm?, 15 non- Histopathology revealed increased
diffusion weighted images. cell density and preserved axonal
microstructure in PCNSL.
Rau et al. [35] 2024 Patients with MSA-P and MSA-C), 47 MSA-P, 17 MSA-C, and 31 HC. 3T Nigrostriatal degeneration (larger V-

and HC.

64-channel head and neck coil.
Axial orientation, 42 slices,

CSF, loss of cells/neurites) in both
MSA-P and MSA-C compared to HC.

(continued on next page)
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Table 1 (continued)
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Study Year Participant Characteristics Number of Subjects/Controls DMI Protocol (b-values, DMI Findings

diffusion direction, field

strength, coil)

voxel size 1.5 x 1.5 x 3 mm?, Patients with MSA-P showed more

TR 2800 ms, TE 88 ms, 58 pronounced putaminal degeneration

diffusion-encoding gradient than those with MSA-C.

directions, 15 non-diffusion- Cerebellopontine axonal

weighted images, 2 x 58 degeneration in both MSA-P and

images with b-factors 1000 and MSA-C, stronger in MSA-C.

2000 s/mm?. Degeneration of cerebellopontine
fibers associated with impaired
dexterity in both subtypes; no
association with nigrostriatal
degeneration.

Schroter et al. 2024 Patients with PD, MSA, PSP, and HC. 136 PD, 41 MSA, 32 PSP, and 27 3T Combination of DMI and TPV
[36] HC. 64-channel head and neck coil. ~ performed best in classifying NPS and

Axial orientation, 42 slices, HC, correctly classifying 88 % of

voxel size 1.5 x 1.5 x 3 mm?, patients.

TR 2800 ms, TE 88 ms, 58 AUC for DMI+TPV: HC 0.88, PD

diffusion-encoding gradient 0.98, MSA 1.0, PSP 0.97.

directions per shell with b- DMI parameters (V-CSF, V-intra, V-

factors 1000 and 2000 s/mm?, extra) estimated using a Bayesian

15 non-diffusion weighted approach.

images.

Wiirtemberger 2024  Patients with newly diagnosed GBM 30 GBM and 28 brain metastases 3T In metastases, FA and Dax-extra were
et al. [22] and brain metastases. Excluded patients. 64-channel head and neck coil.  significantly reduced in the inner

patients with relevant small vessel Axial orientation, 42 slices, peritumoral zone compared to the

disease, concomitant vascular voxel size 1.5 x 1.5 x 3 mm?, outer zone.

lesions, or features of TR 2800 ms, TE 88 ms, 65 In GBM, reduced Dax-extra and

neurodegenerative disorders. diffusion-encoding gradient significantly lower V-intra,
directions, 15 non-diffusion accompanied by elevated Dax-intra
weighted images, 2 x 58 in the inner zone.

images with b-factors 1000 and ~ Comparison of outer to inner zones

2000 s/mm?. showed significantly higher gradients
in metastases over GBM for FA, Dax-
intra, and Dax-extra.

Wiirtemberger 2023 22 patients with GBMs and 21 22 GBM patients / 21 brain 3T FA was significantly increased and
etal. [37] patients with brain metastases. metastases patients 64-channel head and neck coil. ~ OD was decreased in GBMs compared
b-factors 1000 and 2000 s/ to metastases.

mm? 65 diffusion-encoding Positive associations of FA and

gradient directions. 15 non- negative associations of OD with

diffusion-weighted images. GFAP and Bielschowsky scores were
revealed.
Schroter et al. 2022 108 patients with clinically 108 PD patients / 35 HC 3T Voxel- and region-based group
[38] established or probable PD and 35 64-channel head and neck coil. ~ comparisons revealed significant
HC. b-values: 1000 and 2000 s/ DMI parameter differences in the SN

mm? 65 diffusion-encoding and putamen between PD and HC

gradient directions. 15 non- patients.

diffusion weighted images. In PD, poorer motor performance
(MDS-UPDRS-III ON-state) correlated
with increased V-CSF in the SN and
putamen.

Kellner et al. 2022  Patients diagnosed with acute 38 patients. 3T Robust DMI parameter maps
[18] ischemic stroke. Trio: b-values 1000 & 2000 s/ obtained in all cases. Within ischemic

mm?. 28 diffusion weightings, tissue: increased V-intra, reduced V-

g-ball radius 2000 s/mm?. extra and V-CSF. Diffusivity reduced

DMI based on a 3-compartment  in all compartments, with Dax-intra

model (intra-axonal, extra- showing highest contrast. Dax-intra

axonal, free-water). performed better than ADC for infarct
segmentation (AUC 0.98 vs 0.92).
DMI alterations consistent with
"beading-model" of neurite swelling.
Rau et al. [39] 2022 20 COVID-19 inpatients with 20 COVID-19 patients / 35 3T Comparison of whole-brain WM DMI
neurological symptoms and cognitive ~ healthy controls 64-channel head and neck coil. ~ parameters with healthy controls
impairments, and 35 matched DTI/DMI sequence with b- revealed a volume shift from the V-
healthy controls. factors 1000 and 2000 s/mm?. intra and V-extra into the V-CSF in
COVID-19 patients.
This widespread V-CSF increase
affected the entire supratentorial WM
with maxima in frontal and parietal
regions.
Rau et al. [40] 2022  Patients with clinically suspected Exploration cohort: 53 PSP, 19 3T PSP patients showed widespread

atypical Parkinson syndromes (PSP,
PD, MSA, CBS) and healthy controls.

PD, 26 MSA, 7 CBS, 25 HC.
Validation cohort: 12 PSP, 13
other movement disorders.

64-channel head and neck coil.
Axial orientation, 42 slices,
voxel size 1.5 x 1.5 x 3 mm?,
TR 2800 ms, TE 88 ms, 65
diffusion-encoding gradient

axonal loss (reduced V-intra) in
superior cerebellar peduncles,
dentato-rubro-thalamic tracts,
thalami, and frontal WM compared to
the pooled group.

(continued on next page)

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Health and Social Security de ClinicalKey.es por Elsevier en septiembre 05,

2025. Para uso personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



S. Ghaderi et al.

Table 1 (continued)

Brain Disorders 19 (2025) 100238

Study Year Participant Characteristics Number of Subjects/Controls DMI Protocol (b-values, DMI Findings
diffusion direction, field
strength, coil)
directions, 15 non-diffusion ROI-based approach showed high
weighted images, 2 x 58 accuracy in identifying PSP in the
images with b-factors 1000 and  validation cohort (thalamus and
2000 s/mm?. frontal WM accuracy 0.96).
DMI more sensitive to
microstructural changes in PSP than
DTI.
Demerath et al. 2022 20 patients with unilateral temporal 20 patients / 10 NC 3T Hippocampal sclerosis GMB of the
[41] lobe epilepsy and HS, and 10 NC. DTI/DMI sequence with b- anterior temporal lobe was related to
factors 1000 and 2000 s/mm?. prolonged T1 relaxation and axonal
loss (reduced V-intra).
A less pronounced reduction in
axonal fraction (V-intra) was also
found on imaging in GMB-negative
temporal poles compared with
normal controls.
Wiirtemberger 2022  Patients with intra-axial contrast- 19 GBM and 17 metastatic lesion ~ 3T Significant increase in V-CSF in
et al. [23] enhancing lesions (GBMs or patients. 64-channel head and neck coil. ~ perimetastatic T2 hyperintensities
metastatic lesions) with perilesional DTI/DMI sequence: Axial compared to GBM. Significant
T2 signal elevations. orientation, 42 slices, voxel size decreases in V-intra and
1.5 x 1.5 x 3 mm?, TR 2800 V-extra in metastases compared to
ms, TE 88 ms. GBM. Perilesional V-CSF was
discriminative for GBM vs. metastasis
(ROC AUC 0.824).
Histology showed vasogenic edema
features in metastases, absent/
marginal in GBM.
Hosp et al. [28] 2021  Subjects from the HCP database. 100 subjects from HCP database Diffusion data from HCP: NTPIS positively correlated with tract
(64 females, 36 males). resolution 1.25 mm isotropic, integrity (V-intra) in subcortical
three b-shells (1000, 2000, tracts (ascending, descending, and
3000 s/mm?). connecting pathways).
DMI model used distinguishes No correlation with pain was found in
V-intra, V-extra, and free CSF the cortical processing systems.
environment.
Rau et al. [42] 2021 21 patients with imaging features of 21 iNPH-probable patients / 10 3T In patients with imaging features of
iNPH ("high probability of iNPH") control patients 64-channel head and neck coil. ~ iNPH, the V-CSF in PVHs was
and 10 patients with low probability DTI/DMI sequence with b- significantly higher compared to the
of iNPH (controls). factors 1000 and 2000 s/mm?. control group. This effect was also
detectable in DWMHs.
Slater etal. [43] 2019 801 healthy individuals aged 7-84 801 healthy individuals 3T Significant nonlinear aging effects
years. 64-channel RF receive head were consistently observed across
coil. Multi-shell diffusion data tracts and tissue measures.
with b-values of 0, 650, 1000, The age at which WM fascicles attain
and 2000 s/mm? and 118 peak maturation varies substantially
isotropically distributed across tissue measurements (MT, R1,
diffusion sensitization R2*, g-ratio, FA, MD, ICVF, ODI) and
directions. tracts.
Tracts show heterogeneous timing of
maturation.
Evidence supports the "last-in-first-
out" hypothesis of aging, with later
maturing tracts showing greater age-
related differences.
Quantifying divergence from
normative trends across the lifespan
can help assess disorders and the
links between WM and cognition.
Coenen et al. 2018 55 healthy subjects (32 females) with 55 healthy subjects. 3T The sIMFB showed robust
[44] a mean age of 40 + 10 years were Single-shot echo-planar connections from the VTA to the
included. Participants were screened imaging. b-values: b = 1000 s/  superior frontal gyrus, middle frontal
for depressive symptoms using the mm? and b = 2000 s/mm?, gyrus, and lateral orbitofrontal
BDI-II, and individuals with a score along with 17 non-diffusion- cortex.
higher than 13 (cutoff for 'minimal or weighted (b = 0) images. For These connections corresponded to
no depressivity’) were excluded. The tensor estimation, the b = 2000 Brodmann areas 10, 9, 8, 11, and 11
mean BDI-II score for the included s/mm? shell was excluded. Two m, which are associated with reward
subjects was 3.8 + 3.7. sets of 58 directions (total 116 and motivation.
directions The sIMFB projections to these
prefrontal areas comprised 97-98 %
of the total relative fiber counts.
Local tractography approaches
appeared inferior to global
tractography in fully visualizing the
long-range prefrontal projections of
the sIMFB.
(continued on next page)
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Table 1 (continued)

Study Year Participant Characteristics DMI Protocol (b-values,
diffusion direction, field

strength, coil)

Number of Subjects/Controls DMI Findings

The results establish a detailed
normative map of the sIMFB anatomy
and connectivity that can inform
targeting for interventions like deep
brain stimulation for depression and
related disorders.

Abbreviations: Vax, Apparent Axonal Volume; ADC, Apparent Diffusion Coefficient; AD, Axial Diffusivity; aD, axial Diffusivity; AUC, Area Under the Curve; BDI-II,
Beck’s Depression Inventory-II; CBS, Corticobasal Syndrome; cBHs, chronic Black Holes; CIS, Clinically Isolated Syndrome; COVID-19, Coronavirus Disease 2019;
CSF, Cerebrospinal Fluid; Dax-extra, axial extra-axonal diffusivity; Dax-intra, axial intraaxonal diffusivity; DBS, Deep Brain Stimulation; DKI, Diffusion Kurtosis
Imaging; DMI, Diffusion Microstructure Imaging; DTI, Diffusion Tensor Imaging; DWI, Diffusion-Weighted Imaging; dMRI, diffusion Magnetic Resonance Imaging;
DWMHs, Deep White Matter Hyperintensities; EPI, Echo Planar Imaging; FA, Fractional Anisotropy; FAB, Frontal Assessment Battery; GBM, Glioblastoma; GMB, [Full
form not specified in provided data]; GFAP, Glial Fibrillary Acidic Protein; GRAPPA, GeneRalized Autocalibrating Partial Parallel Acquisition; g-ratio, myelin g-ratio;
HC, Healthy Controls; HCP, Human Connectome Project; HS, Hippocampal Sclerosis; ICVF, Intra Cellular Volume Fraction; IDH, Isocitrate Dehydrogenase; iNPH,
Idiopathic Normal Pressure Hydrocephalus; MD, Mean Diffusivity; MDS-UPDRS-III, Movement Disorder Society-Unified Parkinson’s Disease Rating Scale part III; MFB,
Medial Forebrain Bundle; microADC, microstructural Apparent Diffusion Coefficient; MK, Mean Kurtosis; MSA, Multiple System Atrophy; MSA-C, Multiple System
Atrophy-Cerebellar subtype; MSA-P, Multiple System Atrophy-Parkinsonian subtype; MT, Magnetization Transfer; NAWM, Normal-Appearing White Matter; NC,
Normal Controls; NODDI, Neurite Orientation Dispersion and Density Imaging; NPS, Neurodegenerative Parkinsonian Syndromes; NTPIS, [Full form not specified in
provided data]; NWM, Normal White Matter; OD, Orientation Dispersion; ODI, Orientation Dispersion Index; PCNSL, Primary Central Nervous System Lymphoma; PD,
Parkinson’s Disease; PSP, Progressive Supranuclear Palsy; PVHs, Periventricular Hyperintensities; R1, Longitudinal Relaxation Rate; R2*, Transverse Relaxation Rate;
RBD, REM Sleep Behavior Disorder; REM, Rapid Eye Movement; RIS, Radiologically Isolated Syndrome; ROC, Receiver Operating Characteristic; ROI, Region of
Interest; SE EPI, Spin Echo Planar Imaging; sIMFB, superolateral Medial Forebrain Bundle; SMS, Simultaneous Multi-Slice; SMT, Spherical Mean Technique; SN,
Substantia Nigra; STN, Subthalamic Nucleus; STN-DBS, Subthalamic Nucleus Deep Brain Stimulation; TE, Echo Time; TPV, Tissue Probability Values; TR, Repetition
Time; V-CSF, Volume of Cerebrospinal Fluid; V-extra, Volume extracellular; V-intra, Volume intracellular; V-ISO, Isotropic Volume Fraction; VTA, Ventral Tegmental
Area.

Probability Values (TPV) performed best in classifying neurodegenera-
tive parkinsonian syndromes (NPS) and HC, correctly classifying 88 % of
patients, with high AUC values for DMI4TPV across the HC, PD, MSA,
and PSP groups [36].

In the context of multiple sclerosis (MS), a study involving treatment-
naive individuals [31] with newly diagnosed MS, clinically isolated
syndrome (CIS), or radiologically isolated syndrome (RIS) and HCs
utilized SMT-derived apparent axonal volume (Vax). Vax differed in all
comparisons between T2-lesions, chronic black holes (cBHs),
normal-appearing white matter (NAWM) in patients, and normal white
matter (NWM) in HCs. Vax demonstrated higher accuracy and a larger
effect size than DTI-derived axial diffusivity (AD) in differentiating areas
with minimal tissue injury.

3.4. Healthy aging and normative data

Studies in healthy individuals have provided insights into the evo-
lution of white matter tract microstructures across their lifespan. Sig-
nificant nonlinear aging effects were consistently observed across tracts
and various tissue measures, including those derived from the DMI [43].
The age at which white matter fascicles attain peak maturation varies
substantially across different measurements and tracts, with tracts
showing heterogeneous maturation timings. These findings support the
"last-in-first-out" hypothesis of aging, in which later-maturing tracts
exhibit greater age-related differences. Such normative data can help in
assessing disorders and understanding the link between white matter
and cognition.

In a study focusing on the medial forebrain bundle (MFB) in healthy
subjects [44], DMI was used to estimate volume fractions for the
intra-axonal and extra-axonal compartments. Mean values for these DMI
parameters were provided for various prefrontal cortex subregions and
the entire MFB; for instance, in the full right MFB, the mean extra-axonal
fraction was 396 (parts per thousand) and the intra-axonal fraction was
427 (parts per thousand), whereas for the full left MFB, these values
were 397 and 421 (parts per thousand), respectively. The V-intra and
V-extra fractions were highlighted as robust parameters.

3.5. Stroke and COVID-19-related neurological symptoms

DMI has been shown to be feasible in assessing acute ischemic stroke
[18]. Within the ischemic tissue, an increase in V-intra and reductions in
V-extra and V-CSF were observed. The diffusivity was reduced in all
compartments, with Dax-intra exhibiting the highest contrast. Dax-intra
performed better than ADC for infarct segmentation (AUC 0.98 vs 0.92),
and DMI alterations were consistent with the "beading-model" of neurite
swelling. Furthermore, investigation of COVID-19 inpatients with
neurological symptoms and cognitive impairments revealed significant
WM alterations compared to matched HCs [39]. A volume shift from
V-intra and V-extra to V-CSF was observed in COVID-19 patients. This
widespread increase in V-CSF affected the entire supratentorial WM,
with maxima in the frontal and parietal regions.

3.6. Other neurological findings

DMI findings in patients with imaging features of idiopathic normal
pressure hydrocephalus (iNPH) indicated that the V-CSF in periven-
tricular hyperintensities (PVHs) was significantly higher than that in the
control group with a low probability of iNPH [42]. This effect was also
detectable in deep white matter hyperintensities (DWMHs) and reflected
the pathological fluid accumulation. In patients with unilateral temporal
lobe epilepsy and hippocampal sclerosis (HS) [41], GM blurring (GMB)
of the anterior temporal lobe is associated with axonal loss (reduced
V-intra). A less pronounced reduction in V-intra was also found on im-
aging in the GMB-negative temporal poles compared with normal con-
trols. Finally, the DMI has also been applied to investigate the neural
correlates of pain [28]. In one study, self-reported pain levels were
positively correlated with tract integrity (V-intra) in subcortical tracts,
including ascending, descending, and connecting pathways. No corre-
lation with pain was found in the cortical processing systems.

4. Discussion
Our review demonstrates that DMI provides enhanced specificity

over conventional diffusion metrics by disentangling V-intra, V-extra,
V-CSF, and their corresponding diffusivities (Dax-intra and Dax-extra)
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in a sub-millimeter voxel. Across brain tumors, neurodegenerative dis-
orders, normative aging, stroke, and other pathologies, DMI parameters
consistently reveal microstructural alterations, such as preserved axonal
remnants in PCNSL versus GBM, nigrostriatal degeneration in PD, age-
related WM tract decline, and stroke-induced neurite swelling, which
are either invisible or ambiguous with conventional DTI/DKI measures.
These findings underscore DMI's potential as a non-invasive “virtual
histology” tool that may improve diagnosis, prognosis, and treatment
monitoring in diverse neurological contexts.

In neuro-oncology, DMI has demonstrated utility in distinguishing
tumor subtypes from peritumoral microenvironments. For gliomas, V-
intra and V-CSF in peritumoral regions differentiated IDH-mutant as-
trocytomas from oligodendrogliomas, with V-CSF showing high
discriminative power (AUC = 0.824) for GBM versus metastases [23].
Metastases display distinct perilesional gradients, with Dax-extra
reduced in inner zone patterns absent in GBM, where Dax-intra eleva-
tions suggest cytotoxic edema [23]. Histopathological correlations
confirm that perilesional V-CSF increases in metastases correspond to
vasogenic edema, whereas GBM-associated changes align with infiltra-
tive tumor margins [8,45]. In PCNSL [34], elevated V-intra and
microFA, alongside reduced V-CSF, reflect preserved axonal frameworks
and higher cellular density compared to GBM, aligning with histopa-
thology [46]. These findings underscore DMI’s ability of DMI to capture
microstructural heterogeneity, aiding preoperative differential diag-
nosis. However, some studies noted that DKI metrics, such as mean
kurtosis, outperformed DMI in predicting IDH status [17,47], suggesting
complementary roles for multiparametric approaches [48-50].

DMI has been used to elucidate the microstructural underpinnings of
motor and cognitive deficits in neurodegenerative diseases. In MSA,
cerebellopontine axonal degeneration (reduced V-intra) correlated with
impaired dexterity in both the MSA-P and MSA-C subtypes, whereas
nigrostriatal degeneration (elevated V-CSF) did not [35]. This highlights
the cerebellum’s critical role in motor function, even in
Parkinsonian-predominant MSA [51,51,52]. Similarly, in PD, increased
V-CSF in the basal ganglia nuclei, especially in the SN and putamen,
correlates with motor severity [33,38], supporting DMI’s sensitivity of
DMI to dopaminergic degeneration further DTI [53-55]. Crucially, the
DMI outperforms DTI in detecting cerebellopontine degeneration linked
to motor impairment [56]. PSP exhibits widespread axonal loss (reduced
V-intra) in the frontothalamic pathways, correlating with cognitive
deficits [29,40]. These findings underscore DMI’s sensitivity of DMI to
cortico-subcortical network disruption [57]. Furthermore, DMI’s Vax of
DMI differentiates NAWM from HCs with higher accuracy than
DTI-derived axial diffusivity. This capability to detect occult axonal loss
could revolutionize early therapeutic monitoring, particularly in RIS
cohorts [31].

The DMI has provided normative insights into WM maturation,
revealing heterogeneous ageing trajectories across tracts. The “last-in-
first-out” hypothesis was supported [43], with later-maturing tracts (e.
g., frontal regions) showing greater age-related declines in V-intra. Such
normative data are critical for distinguishing pathological changes from
healthy aging, particularly in disorders such as Alzheimer’s disease,
where early WM alterations precede GM atrophy [58,59]. In addition,
normative V-intra and V-extra values in the MFB establish baselines for
investigating addiction and mood disorders [44,60]. These datasets
highlight DMI’s potential to disentangle pathological aging from phys-
iological decline [61,62].

In acute ischemic stroke, DMI detected neurite swelling (elevated V-
intra) and cytotoxic edema (reduced V-extra) with higher accuracy than
ADC, suggesting its utility in infarct segmentation [18]. Furthermore,
Dax-intra reduction outperformed ADC for infarct core segmentation
(AUC: 0.98 vs. 0.92), with histopathological parallels to neurite
swelling. The "beading model" of axonal injury finds validation in DMI’s
compartment-specific diffusivity changes, offering prognostic insights
into Wallerian degeneration risk. Patients with post-COVID cognitive
deficits exhibit global WM V-CSF increases, maximal in the
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frontal-parietal regions. This microstructural shift-from V-intra/V-extra
to free fluid-mirrors neuroinflammatory patterns seen in autoimmune
encephalopathies, suggesting shared mechanisms of blood-brain barrier
disruption [45,63,64]. Altogether, these findings underscore the sensi-
tivity of dMRI, especially DMI, to acute and subacute pathological
processes [65,66], although further studies are needed to disentangle
COVID-19-specific effects from confounding factors.

In addition to tumors, stroke, neurodegenerative conditions, and
aging, DMI has been used in other neurological research areas. It has
been used in a study approximating the pain-signaling network in
humans via migraine analysis. Self-reported pain intensity correlates
with V-intra in subcortical ascending pathways, implicating axonal
preservation in nociceptive processing. This finding aligns with dMRI’s
sensitivity of dMRI to microstructural axonal changes in pain networks,
as reviewed for chronic pain disorders [67,68]. DMI has also contributed
to a microstructural study of temporal lobe epilepsy with hippocampal
sclerosis, analyzing WM abnormalities and correlating MRI measures
with ultrastructural histopathology. In this context, DMI revealed
concordant abnormalities in T1 and V-intra, which might indicate
myelin loss and a concurrent reduction in axonal volume, even in
morphologically normal regions. These DMI observations are corrobo-
rated by high-resolution diffusion-histopathology correlations in
epileptic hippocampal tissue and by prior DTI studies demonstrating
extrahippocampal WM alterations in mesial temporal lobe epilepsy [69,
70]. In iNPH, dMR], including DMI, has also provided pathophysiolog-
ically meaningful contrast. PVHs in iNPH show elevated V-CSF, dis-
tinguishing them from non-iNPH controls with similar MRI phenotypes
[42]. This finding supports dMRI’s role of dMRI in predicting the pre-
operative shunt response [71].

Looking forward, as DMI becomes more integrated into neurology
research, it is essential to acknowledge the implications of the findings
from WM modeling [72]. As more neurology research adopts the DMI, it
will be crucial to build upon these findings to optimize the tool’s po-
tential in elucidating the brain’s microstructure. Recent advancements
in dMRI acquisition and modeling techniques have enabled the quan-
tification  of  tissue  microstructural  properties  through
multi-compartment models, collectively referred to as DMIL The
open-source Python package Dmipy facilitates the implementation and
optimization of any user-defined multicompartment model to estimate
the diffusion properties of distinct tissue compartments [73]. It allows
the combination of different tissue models, dispersion models, and
diameter distributions within a modular framework to simultaneously
represent parameters, such as axon density, orientation, and diameter.
Dmipy’s flexible “building block”-based approach simplifies the typi-
cally complex process of DMI model development and fitting, allowing
full model implementation in under 10 lines of code. This improves the
reproducibility and lowers the barrier to utilizing advanced micro-
structure imaging techniques [74]. Dmipy represents a valuable
resource for ongoing DMI methods development and validation efforts
across neurological disorders. This contributes significantly to
enhancing the research reproducibility, which is a critical factor in the
increasingly complex field of dMRI-based microstructure imaging.
Moreover, Al-driven DMI reconstruction methods are emerging rapidly.
Diffusion-based generative models can now synthesize realistic 3D mi-
crostructures from 2D histology with Fréchet inception distance (FID)
scores <5 [75,76], while conditional models that incorporate anatom-
ical priors further enhance parameter estimation fidelity [77]. These
innovations promise to overcome long-standing acquisition-time bot-
tlenecks and bring advanced microstructural imaging within the reach
of clinical workflows.

Conventional DTI models water diffusion as a Gaussian process,
using a single tensor per voxel to resolve compartmental microstructures
in complex tissues [9,78]. DKI extends this framework by quantifying
non-Gaussian diffusion through kurtosis metrics, thereby increasing the
sensitivity to tissue heterogeneity; however, it still relies on signal-based
representations without explicit biophysical compartmentalization [10,
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78]. NODDI introduces a multi-shell, three-compartment model to es-
timate the neurite density index and ODI, but its requirement for
extensive multi-shell acquisitions and computationally intensive fitting
procedures limits its widespread clinical adoption [14,78]. In contrast,
DMI employs an analogous Bayesian three-compartment modeling
framework to drastically accelerate parameter estimation by up to four
orders of magnitude while preserving accuracy [19]. The DMI directly
quantifies axonal volumes and free-water volume fractions, enhancing
the specificity to microstructural alterations compared to conventional
tensor or kurtosis metrics [23]. By exploiting convex optimization, DMI
can achieve clinically feasible scan and processing times, in contrast to
the prolonged acquisition and fitting durations required for NODDI and
DKI [79]. Recent pilot studies have demonstrated that DMI is promising
for discriminating the molecular subtypes of gliomas, highlighting its
superior diagnostic potential [32]. Comparative analyses of peritumoral
regions of GBM and metastases have shown that DMI metrics more
accurately reflect free-water content differences than DTI and NODDI,
underscoring its enhanced pathophysiological specificity [80]. Finally,
DMTI’s capability of DMI to model the intra-axonal diffusion compart-
ment distribution offers a direct link to histopathological measures of
tissue architecture, facilitating more robust biological interpretation
than traditional diffusion metrics [23,73].

The main strength of the evidence was that all studies used DMI to
measure superior characterization of tissue microstructure that is not
accessible by conventional dMRI techniques, such as DTI, DKI, or
NODDI. Although the DMI’s multicompartment model offers specificity,
challenges remain. Partial volume effects, particularly in atrophic re-
gions (e.g., the cerebellar cortex in MSA), may confound the measure-
ments. Additionally, DMI’s reliance of DMI on complex Bayesian
modeling requires robust validation against histopathology. Compara-
tive studies with NODDI and DKI highlight context-dependent advan-
tages, for example, DKI’s superiority in glioma grading versus DMI’s
sensitivity to free-fluid changes in neurodegeneration. A key recom-
mendation for future research using DMI is that longitudinal and larger-
scale multicenter studies, ideally involving international collaborations,
are needed to enhance the statistical power and ensure the generaliz-
ability of DMI findings across different populations and countries. These
studies should emphasize standardized acquisition protocols and
harmonized analysis methods across diverse scanners and sites, while
also considering the impact of variables such as age, disease severity,
and treatment variations on DMI outcomes. Emerging avenues for
investigation include extending DMI applications to larger pediatric
cohorts to elucidate microstructural development and assessing
advanced multi-shell acquisition schemes against conventional DTI
metrics. Ultimately, expanding sample sizes, synthesizing cross-country
evidence, and optimizing both biophysical models and acquisition
methodologies will be pivotal in driving the evolution of the DMI into a
robust, globally applicable tool for both neurology research and clinical
practice.

5. Conclusions

The collective evidence from these studies underscores the signifi-
cant potential of DMI as a sensitive tool for characterizing subtle and
overt alterations in brain tissue microstructure across a diverse spectrum
of neurological and neurosurgical conditions, as well as for under-
standing normal brain aging. DMI parameters, particularly V-intra, V-
CSF, and Dax-intra, have demonstrated consistent utility in differenti-
ating tumor types and grades; elucidating the pathophysiology of
neurodegenerative disorders such as PD, PSP, and MSA; assessing tissue
damage in multiple sclerosis and stroke; and identifying changes asso-
ciated with COVID-19, temporal lobe epilepsy, and iNPH. Furthermore,
DMI provides valuable insights into normative brain development and
aging, and shows promise in correlating microstructural integrity with
complex phenomena such as pain perception. While some studies have
indicated areas where other advanced diffusion techniques might offer
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superior performance for specific diagnostic tasks, the broad applica-
bility and detailed microstructural information offered by DMI position
it as a powerful neuroimaging modality for both clinical research and
potential future diagnostic and prognostic applications, contributing to
a more nuanced understanding of brain health and disease.
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