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Abstract
Preclinical MRI approaches constitute a key tool to study a wide variety of
neurological and psychiatric illnesses, allowing a more direct investigation of the
disorder substrate and, at the same time, the possibility of back-translating such findings
to human subjects. However, the lack of consensus on the optimal experimental scheme
used to acquire the data has led to relatively high heterogeneity in the choice of
protocols, which can potentially impact the comparison between results obtained by
different groups, even using the same animal model. This is especially true for
diffusion-weighted MRI data, where certain experimental choices can impact not only
on the accuracy and precision of the extracted biomarkers, but also on their biological
meaning. With this in mind, we extensively examined preclinical imaging studies that
used diffusion-weighted MRI to investigate neurodegenerative, neurodevelopmental
and psychiatric disorders in rodent models. In this review, we discuss the main findings
for each preclinical model, with a special focus on the analysis and comparison of the
different acquisition strategies used across studies and their impact on the heterogeneity
of the findings.
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Introduction
Magnetic resonance imaging (MRI), a technique widely used in the clinical
practice as a diagnostic tool, has revealed a fundamental importance as a powerful, noninvasive analysis tool also in animal studies and, more specifically, in preclinical
pharmaceutical research. The development of high field scanners (e.g. 7T) has
significantly improved the spatial resolution, granting access to the investigation of
small animals like rodents. Indeed, in recent years, knock-out or transgenic mice, where
specific genes have been removed or altered, have been widely used in fundamental
research. The combination of these models with this powerful imaging technique can
shed light onto how genetic alterations derived into pathologies. Because of its noninvasiveness, MRI allows repeated observations on the same subject as well as
longitudinal studies and is being increasingly used in rodent models of brain diseases.
The landscape of MRI can widely be divided into two major areas: structural and
functional. Structural MRI is mainly concerned with conveying information about the
underlying tissue properties, while patterns of brain activity can be measured and
compared using functional contrasts. Structural contrasts such as T1 and T2 are suited
for mapping brain anatomy and hence are widely used in clinical investigation to extract
key information such as cortical thickness and the volume of different anatomical
structures. Conversely, functional contrasts are meant to catch the brain in action.
Sensitizing the machine to events such as blood oxygenation or blood flow is the basis
for blood oxygenation level-dependent and cerebral blood flow functional MRI.
Diffusion weighted MRI (dw-MRI) belongs to the structural domain (see Huettel
et al., 2014 for a review about the different contrasts), but it stands out due its ability to
extract information about the microstructural properties (as in the range of microns) of
the tissue in contrast with millimeters level other structural modalities work on.
Amongst the different contrasts available, dw-MRI is widely used to study the
brain and brain-related pathologies. This review examines the experimental procedures
used to infer structural differences in murine neurodegenerative, neurodevelopment and
psychiatric models versus wild type animals. The manuscript is structured as follows.
First, we briefly explain the fundaments of dw-MRI and introduce the different
parameters that define the acquisition scheme. We then describe the most popular model
used to fit the diffusion signal, the diffusion tensor imaging (DTI), along with some of
the most used advanced models. After introducing the state-of-the-art of preclinical
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modelling, we highlight the relevant aspects that hamper the results homogeneity and,
ultimately, the transference to the clinic. The body of this article consists of an overview
of the different experimental strains and preparations, dw-MRI acquisition parameters,
biophysical models, and main results that where reported so far using dw-MRI to
characterize the most common pathologies of the central nervous system.

Diffusion-weighted MRI: theory, experimental scheme, and biophysical
models
Dw-MRI contrast is sensitive to the random displacement of water molecules,
which in biological tissues is constantly hindered by the presence of barriers in the form
of cell membranes and other organelles inside the cell. By probing the path water
molecules follow while diffusing, important characteristics of the underlying
microstructure can be measured (see Jones 2010, Emsell et al., 2016).
Sensitizing the MRI signal to diffusion usually requires a diffusion-sensitized
acquisition sequence; the pulsed gradient spin echo (PGSE) is the most common
(Stejskal and Tanner 1965). The measured signal is an exponential decay defined as
follows:
 = 0 ⋅  ‒  (1.1)
Where:

( )

 = 222 Δ ‒


3 (1.2)

S0 represents the signal in absence of diffusion weighting, S is the signal, D is the
diffusion coefficient of the water molecules, γ is the gyromagnetic ratio, G is the
strength of the gradient applied, δ is gradient duration, and Δ is the time difference
between the two gradient pulses. The diffusion time Δ describes the amount of time the
water molecules are allowed to displace before acquiring the signal. The PGSE
sequence is illustrated in Fig. 1. A typical diffusion experiment will encompass several
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diffusion-weighted images along different noncollinear, non-coplanar unique directions
along with one or more images acquired without gradient, serving as a reference. The
amount of diffusion weighting applied is quantified by the b-value (Le Bihan and
Breton 1985).

Figure 1: Pulsed gradient spin echo (PGSE) sequence. The basic PGSE sequence
consists of two radio-frequency pulses, an excitation pulse (90°), a refocusing pulse
(180°), and two gradient pulses (green trapezoids). G represent the strength, and δ the
duration of the gradient. The diffusion time, Δ, is the time from the start of the first
gradient pulse to the start of the second gradient pulse. TE is the echo time.
Since its inception by Basser et al., in 1994, diffusion tensor imaging (DTI) has
gained wide acceptance as the go-to method of modelling the diffusion signal as a
consequence of its simplicity, robustness, and the reasonable acquisition parameters
(Basser et al., 1994). DTI uses a 3 × 3 apparent diffusion tensor to represent diffusion in
3D space (see Kingsley 2006). Multiple measures can be calculated from the diffusion
tensor; the most frequently used are fractional anisotropy (FA), mean diffusivity (MD),
axial diffusivity (L1), and radial diffusivity (RD) (Basser 1995).
Despite its popularity, DTI suffers from a number of limitations, the main one
being that it assumes that the diffusion follows a Gaussian distribution, while the signal
can also come from intracellular water molecules where restrictions generate a deviation
from Gaussian behaviour (Curran et al., 2016). Numerous advanced models have been
developed over the years to mend the pitfalls of the DTI model. Diffusion kurtosis
imaging (DKI) quantifies the degree to which the diffusing water molecules
displacement probability deviates from the Gaussian distribution, which gives a more
realistic view of the diffusion in tissues like the gray matter where the non-Gaussian
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diffusion is ubiquitous. The same PGSE is usually used in DKI, however, it requires
higher b-values along with a larger number of gradient orientations, as the calculations
are more complex than those of DTI (Jensen et al., 2005, Lu et al., 2006, Jensen et al.,
2011, reviewed in Jensen and Helpern 2010).
Other approaches aim at modelling the signal as a multi-compartment model
separating the contributions of the intra from extracellular compartments (see Alexander
et al., 2019 for a review). The composite hindered and restricted model of diffusion
(CHARMED), for instance, assumes two models of diffusion: an intra-axonal restricted
diffusion, and a hindered diffusion happening elsewhere. A notable strength of such a
model is that it can, to a certain degree, resolve the issue of crossing-fibers within the
same voxel. A simpler approach such as neurite orientation dispersion and density
imaging (NODDI) models instead the dispersion around a single fiber direction (Zhang
et al., 2012).
These models have definitely enriched the insights we gain from dw-MRI by
providing a more realistic view of the diffusion process more than the usual DTI.
However, they require a multi-shell acquisition and higher b-values that might lead to
higher noise (Alexander et al., 2019).
Animal models and dw-MRI
The recent developments in molecular biology and genome editing techniques
have echoed through all fields and MRI was no exception. The ability to recapitulate
human disorders using animal models opened a big window for a closer look into these
diseases using the rich varieties of MRI modalities. Due to the physical gap between
humans and small animals like rodents, scanning small animals require special set-ups
to accommodate the smaller size. Custom coils and higher field strengths are needed in
order to produce a useful resolution and an improved SNR. Other things such as
anesthesia, mechanisms for head fixation to limit motion artifacts and maintaining the
animal’s core temperature and respiration rate also often require special attention and
maintenance.
A major roadblock in the face of moving dw-MRI more into the clinic is the lack
of solid validation of the pathological correlates of the changes frequently elucidated by
imaging. Histological samples obtained posthumously from patients are rarely available
and hard to get. Using animal models comes in handy in such cases, where the post5

MRI histological examination is becoming mainstream. Using immunohistochemical
techniques, things such as axons demyelination, β-amyloid accumulation, and changes
in cell morphology can be investigated, quantified, and further linked to the dw-MRI
findings, establishing a framework to understand the meaning of the variations in the
imaging contrast (Oguz et al., 2012). These advantages do not come without a cost. Due
to the evolutionary gulf between humans and rodents, these models cannot recapitulate
all the aspects of a given disorder; instead, they can be thought of as a representation of
a certain aspect of the disease and hence caution should always be employed when
interpreting or extrapolating such findings to human studies (Jones 2010). In addition,
correlating histological and imaging findings has its own shortcomings, like the
difficulty of matching images between the two modalities (Horowitz et al., 2015).
Another important issue to take into account when looking at preclinical dw-MRI
results and their translatability to humans, is the lack of a homogeneous strategy for
designing the experimental protocol. While some parameters mostly impact on the
SNR, others affect the range of diffusion on which the study is focusing. Specifically,
changing the diffusion time Δ might shift the sensitivity of the analysis from mostly
extracellular water to restricted water. Similarly, a high b-value will give more
information about compartment undergoing slower diffusion compared to lower bvalues (Assaf et al., 2008). In addition, both high Δ and high b-values will translate into
a lower SNR, potentially affecting the sensitivity to changes (Hagmann et al., 2006).
Also the choice of the biophysical model used to analyze the data impacts on the results,
where more advanced models can increase both sensitivity and specificity to changes
compared to DTI (De Santis et al., 2017). Finally, the number of unique orientations
determines the accuracy and the precision of the obtained parameters and generally, a
number below 20-30 is considered suboptimal (Jones and Basser 2004).
To assess the homogeneity of the results and the employed experimental protocol
across studies, we searched the PubMed website for preclinical studies using dw-MRI
to investigate neurodegenerative or neurodevelopmental disorders and employing
rodents. Entrez tool from the Biopython library was used to scrape the website (git
repository:

https://github.com/amrka/pubmed_scrape_dw-MRI_preclinical).

A

combination of terms was used in the search including, "diffusion tensor imaging AND
mice", “diffusion tensor imaging AND rats", "diffusion tensor imaging AND ferrets",
"diffusion MRI AND mice", "diffusion MRI AND rats", and "diffusion MRI AND
ferrets". The unique hits were refined manually in order to remove irrelevant articles.
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We only included results reported by the authors which reached statistical significance,
regardless of the analysis or the statistical methods used. A summary of the disease, the
model used, acquisition parameters, and the most relevant results can be found in Tables
1-2, and the main experimental parameters are plotted for the different diseases
investigated in Figure 2.
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Figure 2. Dw-MRI parameters used in Neurodegenerative (blue), Neurodevelopment
(purple) and Psychiatric (orange) preclinical models in vivo (a-f) and ex vivo (g-l). Each
plot represent one dw-MRI parameter: (a,g) b-Value; (b,h) number of noncollinear,
non-coplanar gradient directions; (c,i) gradient duration, δ; (d,j) diffusion time, Δ; (e,k)
echo time, TE; (f,l) repetition time, TR. The dashed line represents the mean parameter
value calculated across all included articles. The narrow continuous line represents
mean in specific neuropathology. Dots represent the corresponding parameter values
used in each article. Abbreviations: AD=Alzheimer’s disease; PD=Parkinson’s disease;
MS=Multiple sclerosis; HD=Huntington’s disease; ASD=Autism spectrum disorder;
Alc=Alcoholism; SCZ=Schizophrenia.

Neurodegenerative diseases
Diseases such as Alzheimer’s, Parkinson’s, Huntington’s, and multiple sclerosis
together represent the most prevalent neurodegenerative disorders, with a total burden
of 23% of the disability-adjusted life years, which is expected to further grow by 2030
(World Health Organization). The deposition of misfolded Amyloid-β (Aβ) plaques
between nerve cells and tau neurofibrillary tangles inside the neurons are the most
prominent hallmarks of Alzheimer’s disease (AD); such aggregation starts a cascade of
events, involving inflammation, neuronal and synaptic degeneration, and formation of
tau neurofibrillary tangles, that eventually leads to cognitive deterioration (Small and
Duff 2008). AD has been linked to mutations in genes responsible for the formation and
cleavage of Amyloid-β such as amyloid precursor protein (APP), γ-secretase proteins
presenilin 1 (PSEN1), and presenilin 2 (PSEN2) (Small and Duff 2008). Other genetic
risk factors such as APOE and TREM2 genes have been linked to sporadic and earlyonset forms of AD (Scheltens et al., 2016).
Being unique to humans, finding an effective animal model that recapitulates the
entire biology of AD remains elusive; genetically modified mice engineered to
overexpress APP are an important tool, but replicate only one aspect of the disorder
(Drummond and Wisniewski 2017). The majority of the articles examined for this
review used APP/PSEN1 mouse model with APP gene carrying the Swedish double
mutation (KM670/671NL) and PSEN1 with one type of mutations such as L166p
(Vanhoutte et al., 2013) or ΔE9 (Qin et al., 2013). A preponderance of studies using
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models with APP harboring the Swedish double mutations (Tg2576) with no PSEN1
mutations was still observed (Harms et al., 2006). Both kinds of models give rise to
amyloid deposition in various brain structures but differ in the time course of such
deposition. Other models incorporate other mutations aiming to better replicate the
disorder by allowing the formation of tau-neurofibrillary tangles such as the triple
transgenic (3xTg) model (Snow et al., 2017). Not surprisingly, the mouse was the
animal of choice occupying the biggest chunk of the literature with a few articles
settling for using rats instead (Munoz-Moreno et al., 2018, Anckaerts et al., 2019).
Owing to the rodents’ small-sized brains, a strong magnetic field is mandatory. Field
strengths between 4.7 T to 11.7 T were employed in all the studies.
FA, MD, L1, and RD are the most commonly reported scalar measures whether in
region of interest (ROI), voxel-based (VBA) type of analysis, or both. Results showed a
good agreement between studies regardless of the model used, the acquisition
parameters, or the type of the analysis. Most studies reported a decrease in FA
accompanied by an increase in MD in white matter structures such as the corpus
callosum, fornix, internal capsule, and external capsule as well as in gray matter tissues
including the hippocampus, large parts of the cortex, and the thalamus (Fig. 3a) (Shu et
al., 2013, Qin et al., 2013). Using the same model and similar acquisition parameters
with slightly younger animals, Zerbi and coworkers showed a voxel-wise increase in
MD in the fimbria and the hippocampus, but lower MD in the body of the corpus
callosum, the fornix, and the cerebral peduncle (Zerbi et al., 2013). This discrepancy
cannot be explained by different amyloid deposition patterns. Interestingly, Zerbi et al.
used a b-value of 1000 s/mm2, while Qin and Shu et al. chose a b-value of 800 s/mm2.
This slight difference can translate into a better SNR, but also a different sensitivity to
hindered versus restricted compartments. A staggering amount of human studies seems
to be in accordance with the former results (see for example Stahl et al., 2007, Zhang et
al., 2007, Agosta et al., 2011, Shu et al., 2011). Post-mortem literature reported
alterations in the microstructure in various brain tissues, including loss of myelin,
cellular death, and neurodegeneration. Such alterations affect the structural integrity and
can be the cause behind the decrease in FA values and the increase in MD, respectively.
Intriguingly, the results from applying advanced models seem to corroborate these
findings. Using DKI, some studies have reported an increase in all three of DKI metrics
(axial kurtosis (AK), mean kurtosis (MK), and radial kurtosis (RK)) in parts of the
cortex, whilst they did not report any change in those metrics in the hippocampus or any
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of the white matter main tracts (Vanhoutte et al., 2013, Praet et al., 2018). One
interpretation might be that DKI is sensitive to certain aspects of the underlying
abnormalities that DTI metrics are impartial to. Using NODDI on an animal model of
tau pathology, a strong correlation between the tau burden in the cortex and
hippocampus and the neural density in these structures has been found (Colgan et al.,
2016). Such correlations might hint at a sensitivity of NODDI metrics towards taurelated pathology, however, the results are quite limited by the small sample size.
RD and L1 are fairly reported alongside FA and MD with no general consensus on
the direction of the changes in the different structures. A longitudinal study showed a
decrease in RD values at 12 months, then reported an increase in these values at 16 and
18 months (Sun et al., 2005). However, as elegantly demonstrated by WheelerKingshott et al., the lax usage of the L1 and RD should be discouraged especially in
regions such as the gray matter where crossing fibers are ubiquitous (Wheeler-Kingshott
and Cercignani 2009).
A progressive loss of dopaminergic neurons in the substantia negra (SN) and
together with the deposition of a misfolded protein called α-synuclein intracellularly,
forming the Lewy bodies, constitutes the cardinal hallmarks of Parkinson’s disease
(PD) (Poewe et al., 2017). Unlike AD, the majority of PD incidents are idiopathic with
a marginal number of cases that can be attributed to heritable factors or exposure to
environmental toxins (Nalls et al., 2014, Ascherio and Schwarzschild 2016). Creating
an effective animal model of PD that embodies the disorder’s pathophysiology remains
elusive (Beal 2010) with most of the studies settling for the traditional toxin-treated
models. Toxins such as 6-hydroxydopamine (6-OHDA), rotenone, and 1-methyl-4phenyl-1,2,3,6-tetrahydropyridine (MPTP) were unilaterally injected either directly in
the SN itself (see, for example, Liu et al., 2017), the striatum (Perlbarg et al., 2018), or
the medial forebrain bundle in a few studies (Monnot et al., 2017). Interestingly, PD
studies witnessed a surge in using rats, rather than mice, as the animal of choice,
probably to facilitate performing the surgeries of the intracranial injection. A few
studies used transgenic mice or rats harboring mutations that were linked to the familial
form of PD in humans, such as TNWT-61 transgenic mice that overexpress α-synuclein
(Khairnar et al., 2015, Khairnar et al., 2016, Khairnar et al., 2017), or rat models
featuring a knock-out of PINK1, as it has been implicated in cases of familial earlyonset parkinsonism (Ferris et al., 2018). Despite the recapitulation of some of the
hallmarks of PD, these models lack the neurodegeneration of the dopaminergic neurons,
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limiting their potential to symptomatic research. Perhaps the most interesting animal
model would be the one known as the MitoPark mouse, which faithfully mimics most
of the hallmarks of PD including the progressive neurodegeneration; however, the fact
that it is not built on a human genetic mutation limits its potential (Beal 2010).
Unfortunately, due to the variation in the substance injected, doses, and site of
injection, comparing the results between different studies is quite challenging (Table 1).
The SN as the structure associated the most with PD, showed different values of DTI
scalar metrics across different studies (Fig. 3b). Using models of both 6-OHDA and
rotenone, Liu et al. reported an immediate FA decrease in the SN, followed by an
increase six weeks after the injection in comparison with the sham controls (Liu et al.,
2018a), while a persistent decrease after one and six weeks was also reported (Fang et
al., 2018). This decrease in FA was also observed in the MitoPark animals (Cong et al.,
2016).
A number of studies used DKI to investigate TNWT-61 animal model at different
stages. Many structures showed an increase in all three kurtosis measures (MK, AK,
RK). The changes in the SN, ipsilaterally to the injection, start as early as six months of
age, while they can appear by three months in regions such as the striatum (Khairnar et
al., 2015, Khairnar et al., 2016, Khairnar et al., 2017). These findings might favor the
DKI metrics as more sensitive measures than the DTI ones that could have the potential
to serve as an early diagnostic tool.
Huntington’s disease (HD) emerges from a mutation in the HTT gene that encodes
for a protein of unknown function called Huntingtin. The mutated form of Huntingtin
protein tends to have a toxic effect on neurons, especially the striatum’s medium spiny
neurons. This toxicity is usually manifested as motor as well as cognitive and
behavioral symptoms (Bates et al., 2015). The understanding of the molecular
background of HD is very well reflected in the rodent models used to study the illness.
All the models have an HTT gene featuring a different number of CAG repeats, the very
same repeats associated with the disease in humans (Blockx et al., 2012a, Teo et al.,
2016, Gatto et al., 2019). The use of transgenic rat model (TgHD) was quite common in
giving this model an edge due to the brain size and the possible enhanced SNR (Table
1). The homogeneity of the molecular background of the models was also evident in
terms of the results. Even though there was a wide gap in the ages of the animals used,
the results seemed to be in accordance with each other. The values of FA in all the
articles that reported a significant change in the corpus callosum or its various sub12

components were found to be decreased with the respect to the control animals (Chyi
and Chang 1999, Xiang et al., 2011, Garcia-Miralles et al., 2016, Teo et al., 2016, Gatto
et al., 2019), while this was reversed in some of the gray matter structures such as the
striatum (Fig. 3c) (Blockx et al., 2012b, Antonsen et al., 2013). Using a simple
acquisition protocol of only one shell of 800 s/mm2 and 6 directions, Blockx et al. failed
to unearth any differences (Blockx et al., 2011), whilst using a multi-shell acquisition of
severn shells, they reported numerous significant in changes (Blockx et al., 2012a,
Blockx et al., 2012b).
Multiple sclerosis (MS) is a severe disease which causes demyelination and axonal
damage, both focally and globally (Filippi et al., 2018). Due to the poorly understood
etiology, the available animal models poorly recapitulate the disorder such that the
demyelination in those models is induced while the MS has a spontaneous onset (Rice
2012). The most popular model is what is called experimental autoimmune
encephalomyelitis (EAE) where the animals are immunized with a myelin antigen to
harness the immunity to attack its own myelin (Rice 2012). The other available models
feature toxic demyelination, where the animals are is that toxic to the oligodendrocytes
such as cuprizone.
The literature reviewed used exclusively the EAE (Nishioka et al., 2017, Crombe
et al., 2018) or the cuprizone model (CPZ) (Song et al., 2005, Atkinson et al., 2019),
while one article experimented with a mixed model of both worlds (Boretius et al.,
2012). As expected, a diminished FA was observed in the corpus callosum and, more
importantly, in the optic nerve and the optic tracts (Fig. 3d) (Sun et al., 2007, Nishioka
et al., 2017, Nishioka et al., 2019) recapitulating an important feature of MS in humans
where patients suffer from visual deficits (Table 1). A significant difference in the MD
values between MS models and their corresponding control was reported only twice
(Crombe et al., 2018, Atkinson et al., 2019). Both studies used reasonable acquisition
protcols consist of two shells and a sufficient number of directions. Factors such as
different diffusion time and spatial resolution might be in play in such adverserial
results. Diffusion times of 12 ms with a resolution of 82 × 81 × 203 μm3 (Crombe et al.,
2018), 10 ms with resolution of 156 × 156 × 1000 μm3 (Atkinson et al., 2019) have
been reported. Despite the gain in SNR, the lower resolution used in this latter study
makes the partial volume effect a real concern here.
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Figure 3. Visual representation of the number of studies reporting increase (in red)
and/or decrease (in blue) in FA and MD in neurodegenerative (a-d) and
neurodevelopmental and mood disorders (e-h) in the most affected structures. Results
are overlaid on a high-resolution template of a mouse brain (a, d, e) or a rat brain (b, c,
f, g, h) depending on which animal model is used more frequently in each disease.
Results are calculated as ((# of studies reporting an FA or an MD increase - # of studies
reporting an FA or an MD decrease) / total # of studies). FA results are displayed on the
left hemispheres and MD results are displayed on the right hemispheres. We used the
AMBMC MRI mouse brain template and atlas (Richards et al., 2011, Ullmann et al.,
2013, Ullmann et al., 2014, Janke and Ullmann 2015) and the SIGMA MRI rat brain
template and atlas (Barrière et al., 2019). Abbreviations: FA, fractional anisotropy;
AD, Alzheimer’s disease; Alc, Alcoholism; ASD, Autism spectrum disorder; cc/ec,
corpus callosum/external capsule; ctx, different parts of the cortex; HD, Huntington’s
disease; hpc, hippocampus; ic, internal capsule; MD, mean diffusivity; MS, multiple
sclerosis; opt, optic tract; PD, Parkinson’s disease; R, right; SCZ, schizophrenia; sn,
substantia nigra; str, striatum.

Neurodevelopmental and psychiatric disorders
While preclinical models of neurodegenerative disorders have a long tradition in
biomedical research, more recently imaging techniques have been applied also to look
at subtle changes in psychiatric and neurodevlopmental animal models. Autism
spectrum disorders (ASD) describe a myriad of heterogeneous neurodevelopmental
disorders characterized by ill-forms of communication with others, the pervasiveness of
repetitive behaviors, and social disinterest (Miles 2011). A growing body of evidence
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defined the genetic component, rather than the environmental, to be the major cause
behind ASD. Genome-wide association studies (GWAS) studies have identified a
number of genes associated with a high risk of developing ASD such as ANK2,
ARID1B, CACNA2D3, FOXP1, GRIK4, and GRIN2B (Iossifov et al., 2014). Such
mutations inspired the development of animal models trying to recapitulate the essence
of ASD. However, interpreting such results must be put in the context of the uniqueness
of the disorder to humans.
Due to the heterogeneity that comes with ASD, our search highlighted the usage of
various models aiming at recapitulating different mutations, with a limited number of
articles using the same model. Such a limitation made it challenging to compare the
models to each other. However, some global patterns were observed (Table 2). The
majority of the articles reported a decrease in FA in WM structures such as the corpus
callosum, the external capsule, the fornix, and the anterior commissure (for instance,
Ellegood et al., 2011, Dodero et al., 2013, Zerbi et al., 2019) as well as some other GM
tissues such as the hippocampus, the cerebellum, and the thalamus (Fig. 3e) (Ellegood
et al., 2011). This decrease was accompanied in some cases with an increase in RD or
other scalar metrics. The opposite change in FA and RD, albeit to a lower extent, was
also reported. In his longitudinal study, for instance, Kumar et al. reported a trend of
increasing FA values in the corpus callosum that peaked at P70 where compared to a
cross-sectional control, was significantly different (Kumar et al., 2012). This could hint
at a change in the model throughout its lifetime reminiscent of the ASD in humans as
briefed earlier. Such a discrepancy can emanate from a multitude of factors, not least of
all the very nature of ASD rather than the models themselves, or can be attributed to
poor acquisition protocols, where most of the literature reported the use of only 6
directions which, potentially, can lead to a poor tensor estimation (Ellegood et al., 2011,
Kumar et al., 2012, Kumar et al., 2014, Kumar et al., 2018, Pervolaraki et al., 2019).
Another prominent drawback in the literature analyzed is the dominant use of male
animals in most of the studies (Kumar et al., 2014, Wilkes et al., 2019).
Aside from the direction of the change in FA and RD, these articles seem to agree
on a change in the microstructure of the white matter tracts running between different
brain structures, giving support to the tantalizing hypothesis that ASD is a connectivity
problem where long-range connectivity is diminished in favor of increased local
connectivity (Belmonte et al., 2004, Courchesne and Pierce 2005, Rippon et al., 2007,
Rane et al., 2015).
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Another interesting facet of the ASD literature included is the uprising trend of
scanning the brains post-fixation (ex vivo) rather than in vivo. Despite the lack of
definitive proof that one approach is superior to the other, the process of fixation does
affect some properties of the tissue and can lead to significant shrinkage in the axons
(Horowitz Horowitz et al., 2015) casting some doubts on the findings of such studies.
Akin to ASD, Schizophrenia (SCZ) is a multifarious disorder with presentations
that differ from case to case. SCZ appears to be the product of complex intercalation
between a multitude of genetic and environmental risk factors. GWAS studies identified
plenty of genes to be associated with an increased risk of developing SCZ including
those implicated in various vital functions such as immunity, synaptic function, and
development. Various pieces of evidence point at the complicity of a faulty
dopaminergic and glutamatergic neurotransmission in the genesis of the positive and the
negative symptoms of SCZ, respectively (Kahn et al., 2015, Owen et al., 2016, Marder
and Cannon 2019).
Administration of agents such as amphetamine or phencyclidine, that interfere
with the dopaminergic or the glutamatergic pathways, was the classical way of
generating animals recapitulating some of the SCZ aspects (Katsnelson 2014). In the
current literature, animals treated with N-methyl-d-aspartate receptor (NMDAR)
antagonists agents such as MK801 (dizocilpine) (Wu et al., 2016) or prenatally exposed
to compounds such as methylazoxymethanol acetate (MAM) (Chin et al., 2011) or
endotoxins such as polyinosinic:polycytidylic acid (poly I:C) (Missault et al., 2019, Di
Biase et al., 2020) were used as SCZ animal models. Other transgenic models that lack
essential genes such as Gclm knock-out (Gclm KO) (Corcoba et al., 2015) or express a
faulty protein were also used such as EGR3 rat model (Ma et al., 2015).
The results depicted a general pattern of diminished FA and increased RD values
in all the tissues examined including the corpus callosum (Fig. 3f), the fornix, and the
cingulum (Table 2). The non-conflicting results are probably emitting from the limited
number of the studies conducted rather than reflecting a solid underlying dysfunction in
the microstructure, since every model is mostly affected in a different manner. In
addition, it should be noticed that the experimental setup chosen is quite homogeneous
across the different studies, as evident from Figure 1.
Due to its global impact as a major risk factor for a wide variety of illnesses and
ultimately for premature death, the consumption of alcohol and its correlation with
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health problem has been for long a subject of meticulous scrutiny (Rehm et al., 2003,
Ezzati et al., 2006). The deleterious effect the alcohol has on the brain tissue is very
well established, and changes in the WM microstructure are widely studied employing
dw-MRI.
All the studies were performed on rats, except for one study that used ferrets (Tang
et al., 2018). Different studies employed different protocols to deliver various doses of
alcohol, some of which were aiming at inducing chronic alcohol consumption (Vetreno
et al., 2016, Luo et al., 2017), while the others were mimicking the binge drinking cases
(Pfefferbaum et al., 2015). As was the case in ASD, all the studies aside from one (Tang
et al., 2018) incorporated only male rats in their investigation.
As per the studies investigated, alcohol seems to affect GM tissues such as the
cerebellum, the neocortex, the thalamus, and the somatosensory cortex. Some studies
also found significant differences in the WM tracts including the corpus callosum and
the fornix (Pfefferbaum et al., 2015, De Santis et al., 2019). The changes in the corpus
callosum and the fornix seem to follow the same direction with a decrease in the FA and
L1 values and an increase in the values of MD and RD (Fig. 3g and Table 2). Unlike in
WM, a decrease, rather than an increase, was reported for MD values in GM tissues
when alcohol esposed animals were compared to their respective control (Vetreno et al.,
2016, Chen et al., 2017), although the studies used two different alcohol delivery
approaches (chronic versus acute) and different experimental strategies. Although in the
case of the later study, the decrease in the MD values was not progressive as the values
after 2 hours of administration slightly towered over the 30 minutes after administration
values before it decreased again (Chen et al., 2017).
Chen and others, using DKI in a longitudinal study, showed an initial decrease in
the MK metric in the frontal lobe 30 minutes after acute administration of alcohol,
followed by a significant increase two and six hours after compared to the naive control
and the 30 minutes post-consumption time point (Chen et al., 2017). Besides giving
credence to the sensitivity of DKI to minor changes, these results could mean that
alcohol has an acute early-stage effect (Sippel 1974, Tabakoff et al., 1976) followed by
a long-lasting effect (Crews et al., 2006, Crews and Nixon 2009, Kane and Drew 2016).
Interestingly, in another longitudinal study, De Santis et al. reported changes in the
corpus callosum and the fornix that progressed even after 6 weeks of abstinence (De
Santis et al., 2019).
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Stress is essentially a coping response to threats that might challenge the
individual's existence and can provide an adaptation mechanism to changes that might
occur in the subject’s homeostasis. Chronic exposure to stress during different life
stages can lead to several social abnormalities and aberrant interactions, as well as to
developing depression and different forms of aggression (Lupien et al., 2009,
Roozendaal et al., 2009, Sandi and Haller 2015). Rodents studies of stress seem to
follow the same paradigm of using mainstream animals such as C57 mice (Grandjean et
al., 2016, Liu et al., 2018b) or stress-hyper-reactive animals such as Wister Kyoto
(WKY) rats (Zalsman et al., 2015, Zalsman et al., 2017). The animals were then
exposed to different types of stressors for various amounts of time to mimic the state of
chronic stress exposure. The stressors can vary between putting the rodent with an
aggressor, wetting cage, elevated platform, or restraining. Some protocols include using
more than one stressor (Hemanth Kumar et al., 2014). The animals are typically
screened to test their resilience to stress experienced earlier and then categorized into
anhedonic susceptible animals and resilient animals. Results indicate that indeed
chronic stress can have a physical toll on the brain’s microstructure. Numerous
structures that are implicated in the stress response such as the hippocampus (Fig. 3h),
the amygdala, and the hypothalamus were found to be affected in these studies.
However, the paradigms used to induce stress varied widely between studies in addition
to a wide discrepancy in the acquisition parameters which might explain the apparent
contradictions. A vivid example would be the DKI results reported in some of the
studies included (Delgado y Palacios et al., 2011, Khan et al., 2016, Khan et al., 2018a,
Khan et al., 2018b). Despite using the same stress-inducing protocols, the findings
varied substantially (Table 2). A noteworthy issue is the use of two values with only 9
directions to estimate the kurtosis tensor (Khan et al., 2018a), while the minimum
requirments are 15 directions per b-value (Jensen and Helpern 2010).

Conclusions
Dw-MRI is a powerful tool to investigate microstructural abnormalities in the
intact brain. Tapping the potential of such technique in preclinical investigation has the
potential to boost our understanding of a multitude of disorders. However, using dwMRI is a delicate process and requires strong knowledge of proper acquisition

18

parameters; in this review, we highlighted several cases in which the observed
heterogeneity of the results can be at least partially explained by the experimental
choice, rather than by true biological variability in the model. Future work is needed to
reach a consensus on the optimal experimental scheme to be used; however, a few
points can be highlighted. We encourage, whenever possible, the use of a stronger
magnetic field (7-11T or higher for mice and at least 4.7T or higher for rats). If one is
interested in information coming from the extracellular space, a conventional DTI
sequence with b=1000 s/mm2 and a minimum of 30 directions, as used in the majority
of the studies included in this review, is recommended. For pathologies in which axonal
involvement is expected, we suggest increasing the b-value range and the diffusion time
to explore higher b-values and access more advanced dw-MRI models, keeping in mind
that the reduction in the SNR needs to be compensated with more directions and/or
more repetitions. Lastly, whenever possible, an isotropic resolution should be the first
choice followed by an in-plane isotropic acquisition.
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Table 1. Summary of the neurodegenerative studies included in the review.
Model name

Control
sample
size

Model
sample
size

Field
strength

No
shells

Max Bvalue(s/mm2
)

Mice

CVN-AD

8

9

9.4T

1

1595

No.
dire
ctio
ns
12

AD

Mice

TgCRND8

4

7

7T

8

1345

64

In vivo

VBA: ↓FA; ROIs: ↓FA,
↓AD, ↑RD, ↑ADC
ROIs: No differences

AD

Mice

APP23

5-6

8-10

7T

5

2000

N/A

In vivo

ROIs: ↓ADC

AD

Rats

TgF344-AD

9

9

7T

1

1000

60

In vivo

ROIs: ↓FA-W, ↑FD-W

AD

Mice

3xTg

8

7

7T

1

1000

6

In vivo

ROIs: ↓FA, ↓AD

AD

Mice

APP/PS1

9

9

7T

1

800

N/A

In vivo

Qin et al.,
2013

AD

Mice

APP/PS1

9

9

7T

1

800

30

In vivo

Muller et al.,
2013
Praet et al.,
2018

AD

Mice

Tg2576

5

7

11.7T

1

1000

30

In vivo

AD

Mice

APP/PS1

20

19

7T

7

2800

140

In vivo

Harms et al.,
2006
Sun et al.,
2005
KastyakIbrahim et al.,

AD

Mice

9-10

9-10

7T

1

1890

20

Ex vivo

AD

Mice

8

8

4.7T

1

764

6

In vivo

AD

Mice

APPsw
(Tg2576)
APPsw
(Tg2576)
3xTg

VBA: ↑FA, ↑AD, ↑MD,
↑RD; ROIs: ↑FA, ↑AD,
↑MD, ↑RD
VBA: ↑FA, ↑AD, ↑MD,
↑RD; ROIs: ↑FA, ↑AD,
↑MD, ↑RD: cortex
VBA: ↑FA, ↓FA, ↓AD,
↓MD, ↓RD; ROIs: ↓FA
VBA: ↓FA, ↑RD, ↑AK;
ROIs: ↓FA, ↑RD, ↑AD,
↓AD, ↑MD, ↑AK, ↑MK,
↑RK
ROIs: ↓RA

3-4

8

7T

1

1034

30
7

In vivo
ex vivo

Disor
der

Animal

Badea et al.,
2016
Thiessen et
al., 2010
Mueggler et
al., 2004
MunozMoreno et al.,
2018
Snow et al.,
2017
Shu et al.,
2013

AD

Article

In vivo or
ex vivo
Ex vivo

Results
in model compared to WT
↓ or ↑

ROIs: ↑RD, ↓Tr, ↓AD,
↓RD, ↓RA
ROIs (In vivo): No
differences; ROIs (Ex
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2013.

vivo): No differences

Song et al.,
2004
Shen et al.,
2018
Colgan et al.,
2016

AD

Mice

PDAPP

8-20

10-11

4.7T

1

764

6

In vivo

AD

Mice

APP/PS1

12

12

7T

1

1000

30

In vivo

AD

Mice

rTg4510

5

5

9.4T

2

2000

50

In vivo

Vanhoutte et
al., 2013
Zerbi et al.,
2014

AD

Mice

APP/PS1

5

5

9.4T

7

2800

210

In vivo

AD

Mice

apoE4
apoE-KO

9-10

8-10

11.7T

1

1000

30

In vivo

Grandjean et
al., 2014
Grandjean et
al., 2016b

AD

Mice

arcAβ

7-10

8-11

9.4T

1

690

36

In vivo

AD

Mice

arcAβ
E22ΔAβ
PSAPP

11-12

9-12

9.4T

1

1000

36

In vivo

Zerbi et al.,
2013

AD

Mice

APP/PS1

15

9

11.7T

1

1000

30

In vivo

Anckaerts et

AD

Rats

TgF344-AD

10

11

7T

1

800

60

In vivo

ROIs: ↓RA, ↑Tr, ↑RD,
↑AD
ROIS: No differences
ROIs: ↑IsoVF, ↓IsoVF,
↑NDI,
↓NDI↑MD↑FA↓FA,
↑ODI, ↓ODI
ROIs: ↑rMK, ↑rRK, ↑rAK
VBA (apoE4): ↑MD,
↓FA; ROIs (apoE4):
↑MD, ↑AD; VBA (apoEKO): ↑MD, ↓FA
ROIs (apoE4-KO): No
differences
VBA: ↓FA; ROIs: ↓FA
VBA (arcAβ): No
differences; ROIs
(arcAβ); ↑FA, ↑AD,↓RD
VBA (E22ΔAβ): No
differences; ROIs
(E22ΔAβ): No differences
VBA (PSAPP): No
differences; ROIs
(PSAPP): ↓FA
VBA: ↓FA, ↑FA, ↓MD,
↑MD, ↓AD, ↑AD, ↓RD,
↑RD; ROIs: ↓FA, ↓MD,
↑MD, ↓AD, ↑AD, ↑RD
VBA: ↓FA, ↑FA, ↓MD,
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↑MD, ↓AD, ↑AD, ↓RD,
↑RD; ROIs: ↓FA

Khairnar et
al., 2015

PD

Mice

TNWT-61

7

7

9.4T

5

2500

150

In vivo

Khairnar et
al., 2017

PD

Mice

TNWT-61

15

15

9.4T

5

2500

150

In vivo

Khairnar et
al., 2016

PD

Mice

TNWT-61

12

9

9.4T

5

2500

150

In vivo

Arab et al.,
2019

PD

Mice

METH

5-6

9-11

9.4T

5

2500

150

In vivo

Cong et al.,
2016
Perlbarg et
al., 2018

PD

Mice

MitoPark

9

6

7T

1

1200

30

In vivo

VBA (TBSS): ↑FA, ↑RK,
↓MD, ↓AD, ↓RD; ROIs:
↓MK, ↓RK, ↑AD, ↑RD,
↑MK, ↓MD, ↓RD, ↑FA
ROIs: ↓ADC, ↓FA

PD

Rats

6-OHDA

5

10

11.7T

1

1500

81

In vivo

ROIs: ↑FA, ↑MD, ↑AD

Ferris et al.,
2018
Cai et al.,
2019
Liu et al.,
2018a

PD

Rats

PINK1

15

15

7T

1

1000

10

In vivo

ROIs: No differences

PD

Rats

PINK1

10

10

7T

1

1000

10

In vivo

PD

Rats

Rotenone
6-OHDA

6

12

3T

1

1000

15

In vivo

Boska et al.,
2007
Liu et al.,

PD

Mice

MPTP

5

5

7T

1

800

12

In vivo

PD

Rats

Rotenone

6

12

3T

1

1000

15

In vivo

ROIs: ↓ADC, ↓AD, ↓RD,
↓FA
ROIs (Rotenone): ↓FA;
ROIs (6-OHDA): ↓FA,
↑FA
ROIs: ↓FA, ↑MD, ↑AD,
↑RD
ROIs: ↓FA, ↑MD

VBA (TBSS): ↑MK,
↑AK, ↑RK, ↓MD, ↓RD;
ROIs: ↑AK, ↑RK, ↓RD,
↓MD, ↓AD, ↓RD
VBA (TBSS): ↑MK,
↑AK, ↓AD; ROIs: ↑MK,
↑AK, ↑RK, ↓RD, ↑FA
VBA (TBSS): ↑MK,
↑AK, ↑FA, ↓AD, ↓RD;
ROIs: ↑MK, ↑AK, ↑RK,
↓MD, ↓AD, ↓RD
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2017
Soria et al.,
2011
Van Camp et
al., 2009

PD

Rats

6-OHDA inj

4

8

7T

1

1000

30

In vivo

ROIs: ↓FA, ↓AD, ↑RD

PD

Rats

6-OHDA

4

5

7T

1

800

7

In vivo

Monnot et al.,
2017
Fang et al.,
2018

PD

Rats

6-OHDA

4

4

9.4T

1

1250

30

Ex vivo

PD

Rats

6-OHDA

8

8

3T

1

1000

15

In vivo

ROIs: No differences;
VBA: ↑FA; VBA-guided
ROIs: ↑FA, ↓L1
VBA: ↓FA, ↑RD; ROIs:
No differences
ROIs: ↓FA

Blockx et al.,
2012a

HD

Rats

TgHD

5-6

6

9.4T

7

2800

107

In vivo

Blockx et al.,
2012b
Gatto et al.,
2019
GarciaMiralles et
al., 2016
Teo et al.,
2016

HD

Rats

TgHD

7

7

9.4T

7

2800

105

In vivo

HD

Mice

R6/2

3

3

17.6T

1

1500

12

Ex vivo

HD

Mice

YAC128

7

8

7T

1

1500

30

In vivo

HD

Mice
Rats

YAC128
BACHD

8-13

8-14

7T

1

1500
1000

30
256

In vivo

Xiang et al.,
2011
Gatto et al.,
2015
Antonsen et
al., 2013

HD

Mice

R6/2

3

3

11.7T

1

1500

6

Ex vivo

VBA (YAC128): ↓FA;
ROIs (YAC128): ↓FA;
ROIs (BACHD): ↓FA
ROIs: ↓FA

HD

Mice

YFP, R6/2

3

3

9.4T

1

1000

12

Ex vivo

ROIs: ↓FA

HD

Rats

TgHD

4

5

7T

1

800

12

Ex vivo

Blockx et al.,
2011

HD

Rats

TgHD

10

10

9.4T

1

800

6

In vivo

VBA: ↑FA, ↓MD, ↓AD,
↓RD, ↑RD; ROIs: ↑FA,
↓MD, ↓AD, ↓RD
ROIs: No differences

ROIs: ↓FA, ↓MD, ↓AD,
↓RD, ↑FA, ↑MD, ↑AD,
↑RD, ↑MK, ↑AK, ↑RK,
↑KA
ROIs: ↑FA, ↑MD, ↑AD,
↑RD, ↑KA, ↑RK
ROIs: ↓FA, ↑MD, ↑AD,
↑RD
VBA: ↓FA; ROIs: ↓FA
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Nishioka et
al., 2017
Atkinson et
al., 2019

MS

Mice

EAE

5

5

11.7T

1

850

21

In vivo

ROIs: ↓FA, ↑RD

MS

Mice

CPZ

5-6

6-8

7T
9.4T

1

1000
3000

30
30

In vivo
ex vivo

ROIs (in vivo): ↓FA,
↑RD; VBA (TBSS): in
vivo: ↓FA, ↑MD, ↑RD,
↑L1; ROIs (ex vivo): ↓FA

Crombe et al.,
2018
Sun et al.,
2007
Planche et al.,
2017
Nishioka et
al., 2019
Boretius et
al., 2012

MS

Mice

EAE

15

16

4.7T

2

2700

65

In vivo

MS

Mice

EAE

16

16

4.7T

1

847

6

In vivo

ROIs: ↓MD, ↓AD
ROIs: ↓AD, ↑RD

MS

Mice

12

12

4.7T

1

2000

30

In vivo

ROIs: ↓FA, ↑AD

MS

Mice

EAE
2
EAE

8

4-7

11.7T

1

850

21

In vivo

MS

Mice

CPZ
CPZ + EAE

5

5

9.4T

1

1000

12

In vivo

ROIs: ↓Tr, ↓FA, ↓AD,
↑RD
ROIs: ↓FA, ↓AD, ↑RD

Song et al.,
2005

MS

Mice

CPZ

8

6-12

4.7T

1

1600

6

Ex vivo

ROIs: ↓RA, ↑RD, ↑Tr

Abbreviations: ↑, increase; ↓, decrease; ADC, apparent diffusion coefficient; AK, axial kurtosis; FA, fractional anisotropy; FA-W, weighted fractional anisotropy; FDW, weighted fiber density; HD, Huntington’s disease; IsoVF, isotropic volume fraction; KA, kurtosis anisotropy; KO, Knock-out; L1, axial diffusivity; MD, mean
diffusivity; MK, mean kurtosis; MS, multiple sclerosis; N/A, not aplicable; NDI, neurite density; ODI, orientation dispersion index; PD, Parkinson’s disease; RA,
relative anisotropy; rAK, relative axial kurtosis; RD, radial diffusivity; RK, radial kurtosis; rMK, relative mean kurtosis; ROI, region of interest; rRK, relative radial
kurtosis; T, tesla; TBSS, tract-based spatial statistics; Tr, trace; VBA, voxel-based analysis; WT, wild type. Sample sizes are displayed as (minimum-maximum) in cases
where there are different age groups or multiple models in the same study.
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Table 2. Summary of neurodevelopmental/psychiatric disorders included in the review.
Model name

Control
sample
size

Model
sample
size

Field
strength

No
shells

Max Bvalue(s/mm2
)

Mice

Cntnap2-/-

13

10

7T

1

3000

Mice

Fmr1-/y

23

26

7T

2

Disor
der

Animal

Liska et al.,
2017
Zerbi et al.,
2019
Wilkes et al.,
2019
Kumar et al.,
2012

ASD
ASD

ASD

Mice

BALB/cJ

11-12

27-28

9.4T

Ellegood et
al., 2013

ASD

Mice

12

12

Kumar et al.,
2014
Ellegood et
al., 2011

ASD

Mice

BTBR
T+tf/J
(BTBR)
NL-3

7-9

ASD

Mice

NL-3

Dodero et al.,
2013

ASD

Mice

Haberl et al.,
2015
Kumar et al.,
2018

ASD

Mice

BTBR
T+tf/J
(BTBR)
Fmr1-/y

ASD

Mice

Article

No.
dire
ctio
ns
81

In vivo or
ex vivo
Ex vivo

Results
in model compared to WT
↓ or ↑

180

Ex vivo

Tractography: No
differences
ROIs: ↓FA, ↑RD

2000
ASD

Mice

C58/J

16p11.2
hemideletio
n
(del/+)

10

17

17,6

2

60

Ex vivo

ROIs: ↓FA, ↓AD

1

3000
786,73

6

In vivo

7T

1

1917

30

Ex vivo

ROIs (cross-sectional):
↓FA, ↑FA, ↑MD; ROIs
(longitudinal): ↑FA
VBA: ↓FA, ↑FA; ROIs:
↓FA

5-10

9.4T

1

902

6

Ex vivo

ROIs: No differences

8

8

7T

1

1956

6

Ex vivo

VBA: ↓FA, ↑RD; ROIs:
No differences

9

9

7T

1

1262

81

Ex vivo

VBA (TBSS): ↓FA; ROIs:
↓FA

12

7

11.7T

1

1000

30

In vivo

ROIs: ↓FA

12

9

9.4T

1

902

6

Ex vivo

VBA (TBSS): ↓FA, ↓FA

26

Pervolaraki et
al., 2019

ASD

Mice

Nrxn2α KO

6

6

9.4T

1

1200

6

Ex vivo

ROIs: ↑FA, ↓FA, ↑AD,
↓RD, ↓ADC

Missault et
al., 2019
Zhang et al.,
2019
Corcoba et
al., 2015
Ma et al.,
2015

SCZ

Rats

Poly I:C

11

10-15

7T

1

800

60

In vivo

VBA: No differences

SCZ

Mice

27

23

7T

1

800

30

In vivo

VBA: ↓FA

SCZ

Mice

ErbB4-KO
(ErbB4-/-)
Gclm KO

16

15

14.1T

1

1000

6

In vivo

ROIs: ↓FA, ↑RD

SCZ

Rats

EGR3

6

6

3T

1

1000

32

In vivo

Chin et al.,
2011
Di Biase et
al., 2020
Gimenez et
al., 2017
Wu et al.,
2016

SCZ

Rats

MAM

7

4

7T

1

730

30

In vivo

ROIs: No differences;
Fiber tracts: No
differences
ROIs: ↓FA

SCZ

Rats

Poly I:C

8

9

7T

1

1400

50

In vivo

VBA (TBSS): ↑FW

SCZ

Mice

MAP6-KO

8

8

7T

1

1500

6

Ex vivo

SCZ

Rats

MK801

11

12

7T

1

800

60

In vivo

No differences in
transversal ADC
VBA: ↓FA; ROIs: ↓FA,
↑MD, ↑AD, ↑RD

Vetreno et al.,
2016
Luo et al.,
2017
Chen et al.,
2017
Pfefferbaum
et al., 2015
De Santis et
al., 2019

Alc

Rats

Intragastric

7

7

9.4T

1

N/A

12

Ex vivo

ROIs: ↑FA, ↓MD, ↓AD

Alc

Rats

Intragastric

10

10

7T

1

1031.7

6

In vivo

ROIs: ↓FA

Alc

Rats

Intragastric

5

10

7T

2

2000

60

In vivo

Alc

Rats

Intragastric

9

10

3T

1

1464

6

In vivo

ROIs: ↓MK, ↑MK, ↓FA,
↑FA, ↓MD, ↑MD
VBA (TBSS): ↓FA

Alc

Rats

Marchigian
Sardinian

9

9-18

7T

1

1000

30

In vivo

VBA (TBSS) (1mo
consumption): ↓FA,
↑MD, ↓L1, ↑RD; Fiber
tracts (1 mo
consumption): ↓FA,
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Tang et al.,
2018
Liu et al.,
2018b
Grandjean et
al., 2016a
Zalsman et
al., 2017
Zalsman et
al., 2015
Hemanth
Kumar et al.,
2014
Khan et al.,
2018a
van der Marel
et al., 2013
Delgado y
Palacios et
al., 2011
Khan et al.,
2016
Khan et al.,
2018b

↑MD, ↑RD; VBA
(TBSS): (2 wks): ↓FA,
↓L1; VBA (TBSS) (6 wks
abistenance): ↓FA, ↓L1,
↑RD
ROIs: ↑FA, ↓MK, ↓AK,
↓RK

Alc

Ferrets

Intraperiton
eal

6

6

7T

2

4000

128

Ex vivo

MS
Stress

Mice

CSDS

7

7-10

7T

1

1000

30

In vivo

ROIs: ↓FA, ↑MD, ↑RD

Stress

Mice

CPS

27

26

9.4T

1

1000

36

In vivo

Stress

Rats

WKY

20

20

7T

1

1000

15

In vivo

Stress

Rats

WKY

22

19

7T

1

1000

15

In vivo

VBA: No differences;
ROIs: ↑FA
VBA: ↓FA, ↑FA, ↑MD,
↑AD, ↓AD, ↑RD
Fiber tracts: ↓FA, ↑MD,
↑AD, ↑RD
VBA: ↑ADC, ↓FA, ↑FA

Stress

Rats

CMS

10

10

7T

1

700

46

In vivo

ROIs: ↓FA, ↑FA, ↑MD,
↓MD, ↑AD, ↑RD

Stress

Rats

CMS

8

8

9.4T

2

2500

18

In vivo

Depr
essio
n
Stress

Rats

5-HTT-/-

11

14

4.7T

1

1250

50

In vivo

Rats

CMS

7

7

9.4T

7

2800

210

In vivo

ROIs: ↑FA, ↑AD, ↑AK,
↑RK
VBA (TBSS): No
differences; ROIs: ↓FA:
genu cc
ROIs: ↓MK, ↓RK

Stress

Rats

CMS

8

8

9.4

14

8000

156

Ex vivo

ROIs: ↑NDI, ↓MD, ↓Deff,
↓DL
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Abbreviations: ↑, increase; ↓, decrease; Deff, extracellular diffusivity; ADC, apparent diffusion coefficient; AK, axial kurtosis; Alc, Alcoholism; ASD, autism spectrum
disorder; DL, intraneurite diffusivity; FA, fractional anisotropy; FA-W, weighted fractional anisotropy; FD-W, weighted fiber density; Fw, extracellular water fraction;
KO, Knock-out; L1, axial diffusivity; MD, mean diffusivity; MK, mean kurtosis; mo, month; N/A, not aplicable; NDI, neurite density; RD, radial diffusivity; RK, radial
kurtosis; ROI, region of interest; SCZ, schizophrenia; T, tesla; TBSS, tract-based spatial statistics; Tr, trace; VBA, xoxel-based analysis; wk, week; WT, wild type Poly
I:C, polyinosinic:polycytidylic Acid; MAM, methylazoxymethanol acetate; WKY, Wistar-Kyoto strain; CMS, chronic mild stress; CPS, chronic psychosocial stress;
CSDS, chronic social defeat; MK801, dizocilpine. Sample sizes are displayed as (minimum-maximum) in cases where there are different age groups or multiple models
in the same study.
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