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Abstract: Cognitive impairment and dementia are recognized as major threats to public health. Many
studies have shown the important role played by challenges to the cerebral vasculature and the
neurovascular unit. To investigate the structural and functional characteristics of the brain, MRI
has proven an invaluable tool for visualizing the internal organs of patients and analyzing the
parameters related to neuronal activation and blood flow in vivo. Different strategies of imaging can
be combined to obtain various parameters: (i) measures of cortical and subcortical structures (cortical
thickness, subcortical structures volume); (ii) evaluation of microstructural characteristics of the
white matter (fractional anisotropy, mean diffusivity); (iii) neuronal activation and synchronicity to
identify functional networks across different regions (functional connectivity between specific regions,
graph measures of specific nodes); and (iv) structure of the cerebral vasculature and its efficacy in
irrorating the brain (main vessel diameter, cerebral perfusion). The high amount of data obtainable
from multi-modal sources calls for methods of advanced analysis, like machine-learning algorithms
that allow the discrimination of the most informative features, to comprehensively characterize the
cerebrovascular network into specific and sensitive biomarkers. By using the same techniques of
human imaging in pre-clinical research, we can also investigate the mechanisms underlying the
pathophysiological alterations identified in patients by imaging, with the chance of looking for
molecular mechanisms to recover the pathology or hamper its progression.

Keywords: cerebrovascular diseases; dementia; vascular cognitive impairment; brain magnetic
resonance imaging

1. Background

As life expectancy has increased, a progressive burden on the healthcare system is imposed by
the treatment and caregiving of cognitively impaired and demented patients. To face this emergency,
the World Health Organization (WHO) has declared all non-communicable diseases a threat to the
world population [1]. The estimates state that 35.6 million people are currently affected by dementia
and a 3-fold increase will be registered by 2050 [1]. Recent studies have demonstrated that while
neurodegenerative processes underlie many cases of dementia like Alzheimer’s disease, in a large
number of cases, concomitant vascular pathology has been identified [2,3]. To support the pivotal role
of the vasculature in cognitive impairment, many studies have investigated the pathophysiology of
the “neurovascular unit”. This definition encloses all of the functional cell–cell interactions necessary
to develop and maintain the vasculature in the brain and ensure the energy supply to neurons.
A malfunction of this domain can originate from vascular pathologies, but inevitably reflects on neural
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functioning. While the most accepted vascular cognitive impairment (VCI) definition states that VCI
is “a syndrome with evidence of clinical stroke or subclinical vascular brain injury and cognitive
impairment affecting at least one cognitive domain” [4], damage or loss of adequate functioning of the
neurovascular unit can nonetheless affect cognition. Hence, the need for a new way to explore the
brain and its vasculature to identify characteristic patterns of alterations that can predict the onset of
cognitive impairment and cast light on its pathophysiological origin.

To date, the best available tool to explore the human brain is magnetic resonance imaging (MRI).
Originating around fifty years ago, this technology leverages the property of hydrogen nuclei, which
when stimulated by radiofrequency pulses, resonate with the magnetic field where they are immersed,
allowing the analysis of different tissues. By reading the signals emitted during the resonance, we can
obtain the time needed for a particular tissue to return to a steady state on the longitudinal component
or on the transverse one, which is the T1 relaxation time and T2 relaxation time, respectively. The
images are obtained by weighting one of the two components, emphasizing the contrasts between
tissues with different T1 or T2 relaxation times. During the past decades, MRI techniques have evolved
from methods that allow images of internal tissues of the patients to be obtained to techniques capable
of providing functional insights of the biological systems under examination.

The support of various MRI techniques can be a fundamental addition to clinical practice to
specifically characterize and diagnose different forms of cognitive impairment originating from vascular
pathologies. On this note, a modern and quantitative approach can be instrumental to extrapolate
effective biomarkers for clinical and modern computer-driven analyses.

2. Structural MRI to Quantify Morphological Alterations

The first applications of brain MRI were developed to understand and analyze the morphological
alterations induced by various pathologies impacting on white and grey matter [5,6]. The first approach
aimed to obtain a segmentation of the brain and a parcellation of the cortical areas by hand or by using
specialized software [7,8]. The data obtained from these elaborations were used to characterize the
neurodegenerative processes and related to the affected physical areas with the associated cognitive
functions [9].

Another strategy that allows for the investigation of differences in gray matter distribution and
density is voxel-based morphometry (VBM) [10]. This technique eliminates the intrinsic variability
of brain dimensions in morphological analysis by co-registering the images in a common space for
all of the subjects in a study, and then, after mathematical operations such as smoothing and image
normalization, a voxel-wise statistical comparison of the gray matter is performed to highlight the
differences between different groups in the study [11].

While atrophy or deformation of gray matter integrity are visualizable and measurable through
macrostructural evaluations, white matter lesions are often injuries at the microstructural level, thus
not measurable in macroscopic morphology. The development of new techniques specific for white
matter injury evaluation has paved the way for the analysis and identification of one of the most
important markers of cerebrovascular damage in the brain: the white matter hyperintensities (WMH).
The T2-FLAIR sequence (T2-Fluid Attenuated Inversion Recovery) [12] is useful to highlight regions of
T2 prolongation in the white matter, corresponding to regions of increased water content with respect
to normal white matter. In this kind of sequence, areas of hyperintensity represent a region where the
white matter is undergoing a process of demyelination or axonal loss. In general, these alterations
are the main evidence of small vessel disease (SVD) progression, even though they can correspond to
different pathological states [13].

Characterization of WMH was first qualitative, with a grading system based on the appearance
and position of the identifiable lesions [14], then, with the progress of computer-aided diagnosis
(CADx) systems and improvements in the computer vision field, we can now absolutely quantify the
volume of white matter lesions [15,16]. This improvement is fundamental to defining the absolute and
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quantitative biomarkers that could help in better evaluating and predicting the onset of VCI in the
population at risk.

Another structural hallmark of SVD is the alteration of the Virchow–Robin or perivascular spaces
(PVS) [17]. The multifaceted role of the PVS in maintaining the Blood Brain Barrier (BBB) equilibrium
and brain homeostasis makes the study of its alterations of utmost importance to identify markers of
damage associated with cerebrovascular pathologies [18]. Similarly to WMH, it is possible to evaluate
the PVS alterations both with a semi-quantitative grading system [19] or with quantitative automatic
methods [20,21]. The latter category produces quantitative measures, which can contribute to an
estimate of the global cerebrovascular risk, together with other brain measurements.

3. Diffusion Imaging to Evaluate White Matter Integrity

Diffusion weighted imaging (DWI) is a MRI technique that locally modulates the static magnetic
field. This allows us to evaluate the intensity of the spontaneous diffusion of water along that direction.
To obtain a comprehensive model of the Brownian motion of the water in the different tissues of the
brain, we can combine multiple independent directions of the magnetic field in subsequent scans [22].
By concatenating the resulting various images, we can obtain a four-dimensional image, where
three dimensions represent the spatial information and the fourth dimension represents the different
orientation of the magnetic field in each scan. The use of more than six directions of magnetic field
lets us apply a tensorial model to each voxel of the image to characterize the preferential direction in
which the water diffuses [23]. This imaging technique, diffusion tensor imaging (DTI), is a powerful
technique that can be used to obtain a parametric representation of the microstructural organization
of structures like the myelinated axonal fibers composing the white matter. The main parameters
obtained from DTI are fractional anisotropy (FA) and mean diffusivity (MD), axial diffusivity (AxD),
and radial diffusivity (RD). The first represents the rate of directionality of water diffusion in a single
voxel along the favored direction (i.e., along the axon direction in a voxel of white matter), and the
second represents the mean intensity of diffusion in a voxel, often correlated with the water content of
that voxel [24]. The last pair of parameters express the intensity of diffusion along the favored direction
of diffusion (AxD) and along the orthogonal plane to it (RD), respectively.

Once a complete modeling of water diffusion in the brain has been obtained, it is possible to
segment regions where the diffusion direction is coherent, and then reconstruct the connections between
different brain areas in this way [25]. This technique, referred to as tractography, allows microstructural
information of different brain areas to be obtained, selecting them only on the basis of spatial location,
but also in relation to the anatomical connections [26].

With the evolution of MRI scanners, DTI has been perfected to have increased spatial and angular
resolution, allowing better discrimination of fibers in smaller regions and reconstructing them with
higher precision by fitting the model to scans obtained by modulating the field at different intensities
(Multi-Shell DTI) [27]. The evolution of imaging sequences has been followed by progression in the
analytical models applied to the resulting data to better characterize the connections, which takes
into account the limits of the imaging modality such as the impossibility to visualize two different
directions of diffusion guided by crossing white matter fibers in a single voxel. Modern computational
probabilistic diffusion models and probabilistic fiber tracking let us infer these connections from the
data and provide us with a comprehensive representation of the different physical connections in the
brain [28,29].

The investigative power provided by the use of DTI in assessing the status of white matter
microstructure is a powerful tool in the hand of clinicians to understand the impact of vascular
challenges on the brain characterizing the pathophysiological process underlying the injury. Briefly,
a decrease in FA can usually be considered an index of white matter fascicle disorganization due to
demyelination or axonal degradation. On the other hand, MD is a less specific indicator that is often
associated with the damage of neuronal membranes [24]. One of the most common approaches used
to analyze DTI is the use of tract-based spatial statistics (TBSS) [30], which acquires a group of images
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to a common space, projects the mean FA or MD values to the skeletonized profile of the white matter,
and then computes cross-subject voxelwise statistics to assess the differences in some regions between
various conditions. By using this method, it became possible to assess differences in the spatial location
of signs of damage that discriminate between vascular dementia (VaD) and pure AD [31].

Implementing fiber-tracking approaches allows a per-patient segmentation and extraction of the
values of diffusivity [32–34]. As an example, this approach makes it possible to link the increased risk
in all-cause mortality and stroke with alterations of FA and MD, independently from other white matter
damage such as WMH volume [33,35]. In a similar way, it is possible to relate the damage derived
from specific clinical conditions like hypertension with FA alterations in specific tracts associated
with the decline of performance in cognitive domains driven by those tracts [34]. Other approaches
have tried to further increase the sensitivity of DTI to tackle rare diseases such as cerebral autosomal
dominant arteriopathy with subcortical infarcts and leukoencephalopathy (CADASIL), a genetic
condition causing a spontaneous form of SVD evidenced by leukoaraiosis. After the identification of
the tracts, their skeletonization has been useful to avoid signal interferences from cerebrospinal fluid
and increase the sensitivity of the newly obtained DTI parameters (PSMD, peak width of skeletonized
mean diffusivity). PSMD alterations have been associated with CADASIL or sporadic SVD, but not to
AD [36].

DTI processing lacks a well-established gold-standard that can be adopted in the process of a
clinical trial, thus confining this technique to independent research projects or methodological research.
This limitation comes mainly from the availability of dozens of diffusion models to reconstruct the
data, algorithms to track the fibers, and software to carry out the computation. One of the aims
of the radiological and computational neuroimaging community should be to compare different
combinations of operations to create a set of tools to be proposed as a gold-standard to extract diffusion
parameters and fiber bundles reconstructions, from the perspective of being usable as biomarkers for
clinical practice.

4. Functional MRI to Highlight Networks of Neurons

Functional MRI is an imaging technique that exploits the neurovascular mechanism called
“functional hyperemia” whereby ongoing brain regional activation recruits increased blood oxygenation
in that specific region [37]. The most common implementation of fMRI is a T2*-weighted sequence of
images with a weighting approximatively equal to the tissues T2* relaxation time and with a scan time
lower than 5 s to correctly sample the hemodynamic response function (HRF).

Thus, the analysis of blood oxygen level-dependent (BOLD) signals allows for the indirect
measurement of regions of brain activation. The first applications of this technique were implemented
to actively map brain areas activated in response to various stimuli to associate regions of neural activity
to specific functions such as motor control or visual stimuli processing [38,39]. An evolution of this
analytic paradigm has been obtained with the breakthrough discovery of regions with synchronized
activity, independent from the stimulus provided to the patient under examination, i.e., in a resting
state condition (rs-fMRI) [40,41]. By exploiting this strategy, a consistent pattern of synchronized
activation in healthy subjects has been shown. These patterns, called functional networks, have
been associated with the cerebral function driven by those synchronized regions. A pivotal study by
Yeo et al. [42] analyzed the resting state fMRI sequences of 1000 healthy adults to obtain a parcellation
of the gray matter. By clustering the voxels obtained according to the similarity of their BOLD signal
over time, i.e., their functional connectivity, they represented either seven (coarse resolution) or 17
(fine resolution) functional networks.

Rs-fMRI image datasets are usually made of a high number of volumes acquired in succession,
show low contrast between different brain tissues, and generally do not provide much information to
the visual inspection. Many different approaches have been tested to analyze this kind of data, resulting
in dozens of algorithms, parameters that can be extracted, and different approaches to obtain results
from the sequences. This approach has generated a situation similar to DTI analysis, where no clear
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golden standard exists. Similarly, the analytical principles are driven by the solutions implemented in
the major neuroimaging software suites, which have been adopted by international consortiums [43].

The first approaches tried to leverage the a priori knowledge of radiologists and relied on the
identification of regions of interest (ROIs), which are the seed for searching areas of analogous activity.
This technique, referred to as seed-based functional connectivity analysis, was used in the very first
paper that identified and formalized the concept of a functional network [40]. With the evolution
of mathematical models available to tackle high dimensional problems such as rs-fMRI and the
improvement of computational capabilities, there has been a paradigm shift from imposing initial
conditions (i.e., seed ROIs) to the data to extracting patterns by leveraging techniques that infer spatial
and temporal organization of the brain activity directly from the raw timeseries. The main example
of this approach is the independent component analysis, a blind signal separation that assumes
that the signal acquired is the result of various spatio-temporal processes statistically independent
between each other [44]. By extracting all of the different independent signals, we can reconstruct the
various timecourses of specific brain regions, grouping them into maps representative of their spatial
distribution. Another approach to the analysis of rs-fMRI datasets originated from Graph Theory,
a mathematical set of tools that represent a system as a combination of nodes and edges. The nodes
denote the data from our system, while the edges resemble the interactions established between two
connected nodes. In the rs-fMRI, we can represent the different regions of the cortex as the nodes of
our graph, and the similarity between their timecourses (the functional connectivity) as the edges
between themselves. Once the network has been built, it is possible to extract different mathematical
measurements such as the average path length of the graph to describe the connectivity inside the
brain [45,46].

AD research was one of the first fields where the use of fMRI has brought major advancements
to the understanding of the pathophysiological processes underlying the ensuing cognitive decline.
A consistent body of work demonstrated that AD alters the functional connectivity in the default mode
network (DMN), a network that contributes to the default function of the brain and is deactivated
during cognitively active tasks [47]. After these first investigations, with the increase of available data
and improvements in data quality, many projects have also focused on different functional networks
and different degrees of cognitive impairment as well as considering mild cognitive impairment (MCI)
as an intermediate condition [48,49], thus showing a widespread alteration of functional connectivity in
AD patients. Other reports in the literature have focused their interest on functional network properties
by performing graph theoretical analysis, evidencing different graph connection properties in patients
stratified by the presence of white matter lesions and VaD [50,51].

In a very similar way to DTI, one of the biggest shortcomings of rs-fMRI is the absence of a gold
standard acquisition and analysis pipeline. Since it is a technique that measures neuronal activity
by reading the effects of neurovascular coupling, it would be of fundamental importance to better
explain the pathophysiological alterations underlying the cognitive decline induced by cerebrovascular
diseases. The identification of a set of metrics that allows for the evaluation of alterations in the
functional connectivity in an objective and standardized way, should be an absolute priority to define a
functional biomarker which can be, at the same time, sensible and specific for a large set of pathologies
grouped under the definition of VaD and VCI.

5. Magnetic Resonance Angiography and Arterial Spin Labeling for Imaging of the
Cerebrovascular Tree, from Large Vessels to Microcirculation

The emerging role of neurovascular coupling in the regulation of cognitive function and brain
homeostasis [52] has shown the importance of also taking into account the vascular contribution
in pathologies classically attributed to neuronal dysfunction (i.e., AD). In VCI and dementia, it is
even more valuable to assess the alterations of the cerebrovascular tree. MRI lets us characterize and
evaluate the integrity of both large vessels and small vessels through different techniques.
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Magnetic resonance angiography (MRA) is the technique of choice to study large vessels of
the cerebrovascular tree [53]. The most diffused MRA sequence implemented to do this exploits
the Time-of-Flight (TOF) effect, which is the variation of signal intensity in the presence of flow
between two regions with different magnetizations [54,55]. The technique consists of saturating the
magnetization of a region to nullify the signal of stationary tissues and highlight the signal originating
by blood flowing from slices with no magnetic saturation. In this way, we can achieve a complete
angiography of a desired region without injecting contrast agents into the patient, thus minimizing
risks and undesirable side-effects.

The clinical use of MRA has been mainly introduced for the identification of aneurysms, nonetheless
it can also be effective for the diagnosis and monitoring of pathologies such as Moyamoya disease,
where a massive alteration of the cerebrovascular tree can be identified by a contrast-free angiography
technique. While Moyamoya disease does not imply a canonical form of VCI, several studies have
associated it with similar conditions of cognitive dysfunction [56–58], suggesting that large vessel
diseases can also be a risk factor for cognitive decline and VaD.

If angiography can be a powerful tool to investigate the roots of the cerebrovascular tree, with
this kind of technique, it is impossible to directly inspect the cerebral capillaries and understand their
function in regulating cerebral hemodynamics. To this aim, specific sequences can evaluate the degree
of tissue perfusion in a quantitative way [59]. Arterial spin labeling (ASL) and subsequent variants
(pseudo-continuous, continuous, pulsed ASL) allow for this property to be evaluated: the principle is
to obtain a steady state image that can be used as the control image, then one or more images after the
magnetic tagging of the blood [60]. The blood circulating through tissues alters the T1 relaxation time
and by applying specific mathematical models, it becomes possible to obtain an absolute quantification
of perfusion. Like angiography, the main strength of ASL techniques is the absence of radioactive or
kidney-toxic contrasts, making these approaches ideal candidates to obtain perfusion measurements in
healthy populations or in studies that include one or more follow up analyses.

The principal use of the ASL perfusion technique is to image perfusion of brain tissue to (i) analyze
ischemia or vascular malformations that alter the global perfusion, (ii) evaluate the hypervascularization
of tumoral tissues in high risk populations, and (iii) evaluate the entity of traumatic brain injury to
predict the prognosis of the patients. In addition, recent studies have used ASL to search for patterns of
alterations in cerebral perfusion and their link with neurodegenerative diseases and dementia [61,62].

The combined analytical potential given by MRA and ASL to assess structure and function can be
an invaluable support in the characterization and design of imaging biomarkers that quantitatively
characterize the integrity and function of the cerebrovascular tree in a direct way.

6. New Analysis Techniques to Leverage Multimodal Big Data: Machine Learning Applied to
Neuroimaging

The technological evolution in the field of computing has made it possible for the rise of a new
branch of research that has narrowed the distance between computer science and biomedicine [63].
The first exchange between the fields started with the need for a system that could help radiologists in
analyzing high volumes of data originating from the mass screenings of the population. An example
of this issue is the diagnosis and risk assessment of breast cancer [64,65], or the identification of
melanomas [66]. CADx systems were developed and implemented in clinical routine to lessen the
workload for radiologists and dermatologists with a pre-evaluation of the data generated by the
screenings and highlight region of interests to be analyzed by clinicians.

Machine learning (ML) is a branch of computer science that develops systems capable of learning
from data to classify them into different classes. Classification can be implemented with two different
approaches: supervised or unsupervised classification. The former leverages a set of input data
described by various features and assigned to a set of classes, then trains an analytical model to
correctly classify the highest number of input samples to the correct classes [67]. The latter does not
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have any information on the class assigned to the input data, and instead tries to develop an analytical
model to extract patterns, which is useful to group similar data in different clusters [68].

The development of CADx systems and their introduction in clinical practice has been possible
thanks to innovations in research. These systems take the patient data as input and apply a trained
analytical model to give as output an area of interest for the radiologist or a risk assessment to better
guide the clinician in the diagnostic process, depending on the specific problem. CADx, or in general
ML algorithms, can implement different strategies of classification, each one better suited for specific
classes of problems. As an example, the most common classifier algorithms are decision trees [69],
support-vector machines (SVM) [70], random forests [71], and deep neural networks [72].

At the beginning of the new century, the technological push in data management systems, imaging
platforms, and technology paved the way to the sprouting of collective efforts to gather data and
elaborate them in a new perspective, not only from a clinician point of view, but in a way that could
be tackled by automated systems to generate knowledge. Projects like the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) [73], Human Connectome Project (HCP) [74], and Human Brain
Project (HBP) [75] have created databases of thousands of subjects available for the analysis that
have been acquired with cutting edge technology and state-of-art protocols to ensure data quality
and reproducibility.

These neuroimaging initiatives are often paired with efforts to standardize the analysis pipeline
and data extraction to achieve quantitative measurements of the brain that are suitable for advanced
analysis with ML algorithms. One of the greatest breakthroughs originating from this approach
has been the fine parcellation of the brain cortex, leveraging information of function, architecture,
topography, and connectivity [43]. In the field of dementias, great efforts have been made toward the
prediction and risk assessment of AD and transition from MCI to AD [76–79].

7. MRI in the Clinical Practice: toward Better Healthcare through Imaging Insights

The use of MRI in the context of vascular dementia and AD diagnosis has increased over the
years with improvements in technical and image processing. Nonetheless, very few efforts have been
directed toward a comprehensive characterization of the complex system of neurovascular functioning
and cross talk between the cerebral vasculature and tissues. Even in AD, only greater efforts by
consortiums like ADNI have produced multimodal data directed at achieving a global understanding
of the pathology, thus directly impacting on patient management. The consortium produced has
more than 1700 scientific publications, which have greatly advanced the understanding of the basis
of AD and empowered clinicians with tools to aid them in the management and staging of high-risk
patients [77,80,81] and with systems that can predict the transition from MCI to AD. Other initiatives
applied to VCI have sprouted more recently, which have placed great effort into mapping the white
matter lesions and the symptoms associated with their position and extent [82], with a particular
attention on the data harmonization between different centers of the consortium and the unification of
image processing protocols to grant reliable and repeatable results across different technical setups.

8. Novel Imaging Strategies in Experimental Models: A Translational Approach from Bench
to Bedside

The technological advances in electronics and miniaturization of the early nineties paved the
way to affordable and industrialized MRI scanners for small animals. In preclinical MRI, the biggest
challenge was the need for increased resolution to discriminate the smaller details of the rodent
anatomy. To do this, it was necessary to increase the magnetic field and to push the gradient system
and control the electronics at the limits of technological capabilities. Toward this aim, MRI scanners
with a typical static magnetic field between 7 and 11.7 Tesla were developed, therefore combining high
performance gradients with a smaller bore (between 16 and 40 cm), hence resulting in micrometric
resolutions often with a high signal-to-noise ratio. It is worth noting that this increase in resolution and
signal-to-noise ratio comes at a cost: the relaxation times of organic tissues in a 3 Tesla magnetic field
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are different from the relaxation times of the same tissues subjected to higher fields, like 7 Tesla [83].
This has forced researchers to set up a customized set of image contrasts to maximize the information
that can be obtained from murine imaging, thus implementing all of the techniques discussed in the
previous paragraphs.

The application of MRI to murine models of cognitive decline has proven to be a powerful tool to
investigate the magnetic properties of various regions of the mouse brain in vivo, giving the chance to
parallel the MRI findings to histological properties of analyzed regions. This kind of approach allows
following anatomical variations such as the longitudinal analysis of brain atrophy as well as leveraging
automated or semi-automated segmentation pipelines [84,85]. Despite the small dimensions and the
substantial difference when compared to human white matter, DTI has also been used extensively to
investigate the connections established between different areas of the brain. These studies have led to
a complete tractographical mapping of the connections in the mouse brain [86] and to the assessment
of detrimental effects on fiber structure and density in models of cognitive decline [87].

While the application of task-based fMRI is unfeasible in animal models, rs-fMRI has been
implemented and used to investigate areas of synchronized activation in the anesthetized animal [88],
providing insights complementary to the ones obtained by mapping physical connections and not
achievable with ex vivo histological techniques. The implementation of this technique in mice is a
technical challenge due to the complexity of the signals analyzed. In addition, different combinations of
anesthesia and breathing conditions can also substantially affect the findings and need to be considered
when discussing the obtained results (for a comprehensive review on mouse functional networks
and animal handling, see [89,90]). As a tool for predicting pathological alterations, murine models
of AD-like cognitive decline have been investigated with rs-fMRI, demonstrating the correlation
between an increase of brain functional connectivity and the onset of tau pathology [91], suggesting
that rs-fMRI can be an effective strategy to highlight the functional dysregulation correlated with
cognitive decline [92].

In the study of murine models of cognitive decline, the evaluation of cerebral blood volume,
cerebral blood flow, and perfusion has always been of great interest. While technologies like intracranial
laser doppler for small animals have been available for decades, MRI has brought perfusion analysis
to a completely new horizon. The imaging protocols let us investigate the integrity of the BBB,
one of the main targets of molecular investigation aimed at clarifying the vascular contribution to
cognitive decline, in the whole murine brain by adding fundamental spatial information to clearly
identify the boundaries of altered microcirculation. Techniques that evaluate perfusion, cerebral blood
volume, and BBB permeability [87,93] can be paired with genetic or experimental models of cognitive
impairment and to mechanistic experiments to elucidate the pathophysiological processes involved in
vascular and neurodegenerative diseases.

The use of MRI in preclinical research is an invaluable tool for adding both temporal or spatial
dimension of analysis (i.e., longitudinal structural assessments or spatial blood flow measurements) to
the functional study of the brain, giving insights about the topological organization of the functional
networks. Moreover, a crucial aspect is the possibility of exploring, at a histological and mechanistic
level, the damage or markers evidenced by MRI. In human studies, the only possibility is to perform
autoptic studies or bioptic tissues (i.e., in tumor biopsies), thus limiting the possibility of understanding
the mechanisms underlying the diagnostic image.

9. Conclusions and Perspective

The tight entwinement between neurons and the cerebrovascular tree suggests that cognitive
impairment and neurological disorders can be often of mixed etiology. Thus, VCI and VaD need to be
thoroughly characterized for their structural, microstructural, functional, and vascular pathological
phenomenology. MRI can be a potent tool to investigate these characteristics together, with the aim
of better discriminating the vascular component in cognitive impairments of mixed etiology and
identifying a set of multi-modal metrics that can better describe the detrimental effects on cognitive
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functions of altered vascular function (Table 1). The possibility of translating these metrics into a
pre-clinical setting is of utmost importance. In fact, once we have identified the biomarkers of interest
in an experimental model of cognitive decline, we can explore the underlying pathophysiological
processes with tools unavailable in a clinical setting.

One last important perspective in the development of imaging techniques and biomarkers is
to take into account the ongoing revolution in the collaboration between artificial intelligence and
medical science. To obtain the maximum information from the data collected, it is fundamentally
important to design imaging protocols and pipeline analysis suitable for advanced ML approaches,
which are capable of generating knowledge by extracting patterns and features that are otherwise
non intelligible. It is worth noting that these systems do not have the aim of replacing the clinician,
but have the fundamental role of extracting more information from data that is otherwise non readily
available, and supporting the clinician work through all decisional stages.

Table 1. Summary of main MRI techniques and their application to cerebrovascular diseases. In the left
column, there is a brief description of the potential application of the imaging technique; in the right
column, there is a brief description of the methodology.

Structural Imaging

Brain Segmentation and
Cortex Parcellation

Through brain
segmentation and cortex
parcellation, we can
measure the morphology
of different brain
structures as well as the
extension and thickness
of different cortex areas.

Usually performed through
dedicated software, it can leverage
multi-modal inputs. Different
strategies of segmentation can be
implemented, from multi-atlas to
deep learning.

[7,8]

Voxel-Based
Morphometry

VBM is a technique to
perform group analyses
regarding the shape and
density of the brain
cortex

To perform VBM, it is necessary to
co-register all scans in the exam to
a common atlas in a standard
space, then voxel-wise statistical
analysis is performed.

[10,11]

Diffusion Tensor Imaging

Tract Based Spatial
Statistics

TBSS is a technique to
perform group analyses
regarding the diffusion
parameters in the white
matter.

After a first step of co-registration
and skeletonization of the white
matter, diffusion measures are
projected on the WM skeleton,
then voxel-wise statistical analysis
is performed.

[30]

Fiber Tracking

Fiber tracking let us
reconstruct the
connections from the
model of diffusion,
tracking regions of
coherent directions of
diffusion.

After the diffusion model fitting,
we can track fibers either from a
seed point or with a whole brain
approach. After fiber
reconstruction we can extract
diffusion measures along the
fibers or map the connection
between different brain areas.

[28,29]
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Table 1. Cont.

Functional MRI

Seed Based
Connectivity

Seed based connectivity
leverages a priori
knowledge of the
clinicians to investigate
connections with a ROI
of choice.

Once the chosen ROI is traced on
the scan, regions of high
functional connectivity can be
extracted by signal timecourse
similarity.

[40]

Independent
Component Analysis

ICA extracts different
functional networks
expressing high
timecourse similarity
from a fMRI scan

ICA extracts various independent
components representing the
functional connectivity in the
brain, both at the single subject or
group analysis level. Once the
networks of interest have been
highlighted, it is possible confront
the FC between different groups of
patients.

[44]

Graph Analysis

Functional networks are
built by representing the
brain as a collection of
nodes corresponding to
different areas.

Once the brain connectivity is
represented as a matrix of
connections, it is possible to
extract various mathematical
measures that represent both the
synchronicity and the paths of
connections in the brains

[45,46]

Cerebrovascular Imaging

Time-of-Flight
Angiography

TOF Angiography lets us
image the
cerebrovascular tree to
evaluate injuries or
defects of
microcirculation.

With the great advantage of
contrast-free angiography, we can
image and then reconstruct the
major vessels irrorating the brain,
segment them, and evaluate their
size and shape.

[54,55]

Arterial Spin Labeling

ASL is a technique to
investigate brain
perfusion without the
use of any contrast.

Leveraging magnetic tagging, it is
possible to quantitatively measure
the brain perfusion obtaining the
volume of flowing blood per kg of
tissue per minute in each voxel of
the image

[60]

Author Contributions: L.C., Writing—original draft preparation; G.L., Writing—review and editing, Supervision.

Funding: This work was supported by the Italian ‘Ministry of Health’—‘Ricerca Corrente’ granted to G.L. and by
the ‘Ministry of Health’—‘5 × 1000’ granted to L.C.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. World Health Organization. Dementia: A Public Health Priority; World Health Organization: Geneva,
Switzerland, 2012.

2. Santisteban, M.M.; Iadecola, C. Hypertension, dietary salt and cognitive impairment. J. Cereb. Blood
Flow Metab. 2018, 38, 2112–2128. [CrossRef] [PubMed]

3. Azarpazhooh, M.R.; Avan, A.; Cipriano, L.E.; Munoz, D.G.; Sposato, L.A.; Hachinski, V. Concomitant
vascular and neurodegenerative pathologies double the risk of dementia. Alzheimers Dement. 2018, 14,
148–156. [CrossRef] [PubMed]

http://dx.doi.org/10.1177/0271678X18803374
http://www.ncbi.nlm.nih.gov/pubmed/30295560
http://dx.doi.org/10.1016/j.jalz.2017.07.755
http://www.ncbi.nlm.nih.gov/pubmed/28974416


Int. J. Mol. Sci. 2019, 20, 2656 11 of 15

4. Gorelick, P.B.; Scuteri, A.; Black, S.E.; Decarli, C.; Greenberg, S.M.; Iadecola, C.; Launer, L.J.; Laurent, S.;
Lopez, O.L.; Nyenhuis, D.; et al. Vascular contributions to cognitive impairment and dementia: A statement
for healthcare professionals from the american heart association/american stroke association. Stroke 2011, 42,
2672–2713. [CrossRef]

5. Liu, C.K.; Miller, B.L.; Cummings, J.L.; Mehringer, C.M.; Goldberg, M.A.; Howng, S.L.; Benson, D.F. A
quantitative MRI study of vascular dementia. Neurology 1992, 42, 138. [CrossRef] [PubMed]

6. Muftuler, L.T. Quantifying Morphology and Physiology of the Human Body Using MRI; CRC Press: Boca Raton,
FL, USA, 2013.

7. Jenkinson, M.; Beckmann, C.F.; Behrens, T.E.; Woolrich, M.W.; Smith, S.M. Fsl. Neuroimage 2012, 62, 782–790.
[CrossRef] [PubMed]

8. Dale, A.M.; Fischl, B.; Sereno, M.I. Cortical surface-based analysis: I. Segmentation and surface reconstruction.
Neuroimage 1999, 9, 179–194. [CrossRef] [PubMed]

9. Scheltens, P.; Kuiper, M.; Ch Wolters, E.; Barkhof, F.; Valk, J.; Weinsten, H.C.; Leys, D.; Vermersch, P.;
Huglo, D.; Steinling, M. Atrophy of medial temporal lobes on MRI in “probable” Alzheimer’s disease and
normal ageing: Diagnostic value and neuropsychological correlates. J. Neurol. Neurosurg. Psychiatry 1992, 55,
967–972. [CrossRef]

10. Ashburner, J.; Friston, K.J. Voxel-based morphometry—The methods. Neuroimage 2000, 11, 805–821.
[CrossRef] [PubMed]

11. Good, C.D.; Johnsrude, I.S.; Ashburner, J.; Henson, R.N.; Friston, K.J.; Frackowiak, R.S. A voxel-based
morphometric study of ageing in 465 normal adult human brains. Neuroimage 2001, 14, 21–36. [CrossRef]
[PubMed]

12. Casey, S.O.; Sampaio, R.C.; Michel, E.; Truwit, C.L. Posterior reversible encephalopathy syndrome: Utility
of fluid-attenuated inversion recovery mr imaging in the detection of cortical and subcortical lesions.
Am. J. Neuroradiol. 2000, 21, 1199–1206.

13. Gouw, A.A.; Seewann, A.; Van Der Flier, W.M.; Barkhof, F.; Rozemuller, A.M.; Scheltens, P.; Geurts, J.J.
Heterogeneity of small vessel disease: A systematic review of MRI and histopathology correlations. J. Neurol.
Neurosurg. Psychiatry 2011, 82, 126–135. [CrossRef]

14. Scheltens, P.; Barkhof, F.; Leys, D.; Pruvo, J.P.; Nauta, J.J.P.; Vermersch, P.; Steinling, M.; Valk, J. A
semiquantative rating scale for the assessment of signal hyperintensities on magnetic resonance imaging.
J. Neurol. Sci. 1993, 114, 7–12. [CrossRef]

15. Griffanti, L.; Zamboni, G.; Khan, A.; Li, L.; Bonifacio, G.; Sundaresan, V.; Schulz, U.G.; Kuker, W.; Battaglini, M.;
Rothwell, P.M.; et al. BIANCA (Brain Intensity AbNormality Classification Algorithm): A new tool for
automated segmentation of white matter hyperintensities. NeuroImage 2016, 141, 191–205. [CrossRef]

16. Kuijf, H.J.; Biesbroek, J.M.; de Bresser, J.; Heinen, R.; Andermatt, S.; Bento, M.; Berseth, M.; Belyaev, M.;
Cardoso, M.J.; Casamitjana, A.; et al. Standardized Assessment of Automatic Segmentation of White Matter
Hyperintensities; Results of the WMH Segmentation Challenge. IEEE Trans. Med. Imaging 2019, 0062, 1.
[CrossRef]

17. Bailey, E.L.; Smith, C.; Sudlow, C.L.; Wardlaw, J.M. Pathology of lacunar ischemic stroke in
humans—A systematic review. Brain Pathol. 2012, 22, 583–591. [CrossRef]

18. Brown, R.; Benveniste, H.; Black, S.E.; Charpak, S.; Dichgans, M.; Joutel, A.; Nedergaard, M.; Smith, K.J.;
Zlokovic, B.V.; Wardlaw, J.M. Understanding the role of the perivascular space in cerebral small vessel
disease. Cardiovasc. Res. 2018, 114, 1462–1473. [CrossRef] [PubMed]

19. Passiak, B.S.; Liu, D.; Kresge, H.A.; Cambronero, F.E.; Pechman, K.R.; Osborn, K.E.; Gifford, K.A.; Hohman, T.J.;
Schrag, M.S.; Davis, L.T.; et al. Perivascular spaces contribute to cognition beyond other small vessel disease
markers. Neurology 2019, 92, e1309–e1321. [CrossRef] [PubMed]

20. Ballerini, L.; Lovreglio, R.; Hernández, M.D.C.V.; Ramirez, J.; MacIntosh, B.J.; Black, S.E.; Wardlaw, J.M.
Perivascular spaces segmentation in brain MRI using optimal 3D filtering. Sci. Rep. 2018, 8, 2132. [CrossRef]

21. Ramirez, J.; Berezuk, C.; McNeely, A.A.; Scott, C.J.; Gao, F.; Black, S.E. Visible Virchow-Robin spaces on
magnetic resonance imaging of Alzheimer’s disease patients and normal elderly from the Sunnybrook
Dementia Study. J. Alzheimer’s Dis. 2015, 43, 415–424. [CrossRef]

22. Johansen-Berg, H.; Behrens, T.E. Diffusion MRI: From Quantitative Measurement to In Vivo Neuroanatomy;
Academic Press; Elsevier: London, UK, 2013.

http://dx.doi.org/10.1161/STR.0b013e3182299496
http://dx.doi.org/10.1212/WNL.42.1.138
http://www.ncbi.nlm.nih.gov/pubmed/1734295
http://dx.doi.org/10.1016/j.neuroimage.2011.09.015
http://www.ncbi.nlm.nih.gov/pubmed/21979382
http://dx.doi.org/10.1006/nimg.1998.0395
http://www.ncbi.nlm.nih.gov/pubmed/9931268
http://dx.doi.org/10.1136/jnnp.55.10.967
http://dx.doi.org/10.1006/nimg.2000.0582
http://www.ncbi.nlm.nih.gov/pubmed/10860804
http://dx.doi.org/10.1006/nimg.2001.0786
http://www.ncbi.nlm.nih.gov/pubmed/11525331
http://dx.doi.org/10.1136/jnnp.2009.204685
http://dx.doi.org/10.1016/0022-510X(93)90041-V
http://dx.doi.org/10.1016/j.neuroimage.2016.07.018
http://dx.doi.org/10.1109/TMI.2019.2905770
http://dx.doi.org/10.1111/j.1750-3639.2012.00575.x
http://dx.doi.org/10.1093/cvr/cvy113
http://www.ncbi.nlm.nih.gov/pubmed/29726891
http://dx.doi.org/10.1212/WNL.0000000000007124
http://www.ncbi.nlm.nih.gov/pubmed/30814324
http://dx.doi.org/10.1038/s41598-018-19781-5
http://dx.doi.org/10.3233/JAD-132528


Int. J. Mol. Sci. 2019, 20, 2656 12 of 15

23. Basser, P.J.; Pierpaoli, C. Microstructural and physiological features of tissues elucidated by
quantitative-diffusion-tensor MRI. J. Magn. Reson. Ser. B 1996, 111, 209–219. [CrossRef]

24. Alexander, A.L.; Lee, J.E.; Lazar, M.; Field, A.S. Diffusion tensor imaging of the brain. Neurotherapeutics 2007,
4, 316–329. [CrossRef]

25. Basser, P.J.; Pajevic, S.; Pierpaoli, C.; Duda, J.; Aldroubi, A. In vivo fiber tractography using DT-MRI data.
Magn. Reson. Med. 2000, 44, 625–632. [CrossRef]

26. Behrens, T.E.J.; Johansen-Berg, H.; Woolrich, M.W.; Smith, S.M.; Wheeler-Kingshott, C.A.M.; Boulby, P.A.;
Barker, G.J.; Sillery, E.L.; Sheehan, K.; Ciccarelli, O.; et al. Non-invasive mapping of connections between
human thalamus and cortex using diffusion imaging. Nat. Neurosci. 2003, 6, 750–757. [CrossRef]

27. Jbabdi, S.; Sotiropoulos, S.N.; Savio, A.M.; Graña, M.; Behrens, T.E.J. Model-based analysis of multishell
diffusion MR data for tractography: How to get over fitting problems. Magn. Reson. Med. 2012, 68, 1846–1855.
[CrossRef]

28. Behrens, T.E.J.; Woolrich, M.W.; Jenkinson, M.; Johansen-Berg, H.; Nunes, R.G.; Clare, S.; Matthews, P.M.;
Brady, J.M.; Smith, S.M. Characterization and propagation of uncertainty in diffusion-weighted MR imaging.
Magn. Reson. Med. 2003, 50, 1077–1088. [CrossRef]

29. Behrens, T.E.J.; Berg, H.J.; Jbabdi, S.; Rushworth, M.F.S.; Woolrich, M.W. Probabilistic diffusion tractography
with multiple fibre orientations: What can we gain? NeuroImage 2007, 34, 144–155. [CrossRef] [PubMed]

30. Smith, S.M.; Jenkinson, M.; Johansen-Berg, H.; Rueckert, D.; Nichols, T.E.; Mackay, C.E.; Watkins, K.E.;
Ciccarelli, O.; Cader, M.Z.; Matthews, P.M.; et al. Tract-based spatial statistics: Voxelwise analysis of
multi-subject diffusion data. NeuroImage 2006, 31, 1487–1505. [CrossRef]

31. Zarei, M.; Damoiseaux, J.S.; Morgese, C.; Beckmann, C.F.; Smith, S.M.; Matthews, P.M.; Scheltens, P.;
Rombouts, S.A.; Barkhof, F. Regional white matter integrity differentiates between vascular dementia and
Alzheimer disease. Stroke 2009, 40, 773–779. [CrossRef]

32. Yendiki, A.; Panneck, P.; Srinivasan, P.; Stevens, A.; Zöllei, L.; Augustinack, J.; Wang, R.; Salat, D.; Ehrlich, S.;
Behrens, T. Automated probabilistic reconstruction of white-matter pathways in health and disease using an
atlas of the underlying anatomy. Front. Neuroinform. 2011, 5, 23. [CrossRef]

33. De Groot, M.; Ikram, M.A.; Akoudad, S.; Krestin, G.P.; Hofman, A.; van der Lugt, A.; Niessen, W.J.;
Vernooij, M.W. Tract-specific white matter degeneration in aging: The Rotterdam Study. Alzheimers Dement.
2015, 11, 321–330. [CrossRef]

34. Carnevale, L.; D’Angelosante, V.; Landolfi, A.; Grillea, G.; Selvetella, G.; Storto, M.; Lembo, G.; Carnevale, D.
Brain MRI fiber-tracking reveals white matter alterations in hypertensive patients without damage at
conventional neuroimaging. Cardiovasc. Res. 2018, 114, 1536–1546. [CrossRef]

35. Evans, T.E.; O’sullivan, M.J.; De Groot, M.; Niessen, W.J.; Hofman, A.; Krestin, G.P.; Van Der Lugt, A.;
Portegies, M.L.; Koudstaal, P.J.; Bos, D. White matter microstructure improves stroke risk prediction in the
general population. Stroke 2016, 47, 2756–2762. [CrossRef]

36. Baykara, E.; Gesierich, B.; Adam, R.; Tuladhar, A.M.; Biesbroek, J.M.; Koek, H.L.; Ropele, S.; Jouvent, E.;
Initiative, A.S.D.N.; Chabriat, H. A novel imaging marker for small vessel disease based on skeletonization
of white matter tracts and diffusion histograms. Ann. Neurol. 2016, 80, 581–592. [CrossRef]

37. Logothetis, N.K. What we can do and what we cannot do with fMRI. Nature 2008, 453, 869. [CrossRef]
38. Rao, S.M.; Binder, J.R.; Bandettini, P.A.; Hammeke, T.A.; Yetkin, F.Z.; Jesmanowicz, A.; Lisk, L.M.; Morris, G.L.;

Mueller, W.M.; Estkowski, L.D.; et al. Functional magnetic resonance imaging of complex human movements.
Neurology 1993, 43, 2311–2318. [CrossRef]

39. Rombouts, S.A.; Barkhof, F.; Scheltens, P. Clinical Applications of Functional Brain MRI; Oxford University
Press: Oxford, UK, 2007.

40. Biswal, B.; Zerrin Yetkin, F.; Haughton, V.M.; Hyde, J.S. Functional connectivity in the motor cortex of resting
human brain using echo-planar MRI. Magn. Reson. Med. 1995, 34, 537–541. [CrossRef]

41. Damoiseaux, J.; Rombouts, S.; Barkhof, F.; Scheltens, P.; Stam, C.; Smith, S.M.; Beckmann, C. Consistent
resting-state networks across healthy subjects. Proc. Natl. Acad. Sci. 2006, 103, 13848–13853. [CrossRef]

42. Yeo, B.T.T.; Krienen, F.M.; Sepulcre, J.; Sabuncu, M.R.; Lashkari, D.; Hollinshead, M.; Roffman, J.L.;
Smoller, J.W.; Zöllei, L.; Polimeni, J.R.; et al. The organization of the human cerebral cortex estimated by
intrinsic functional connectivity. J. Neurophysiol. 2011, 106, 1125–1165.

http://dx.doi.org/10.1006/jmrb.1996.0086
http://dx.doi.org/10.1016/j.nurt.2007.05.011
http://dx.doi.org/10.1002/1522-2594(200010)44:4&lt;625::AID-MRM17&gt;3.0.CO;2-O
http://dx.doi.org/10.1038/nn1075
http://dx.doi.org/10.1002/mrm.24204
http://dx.doi.org/10.1002/mrm.10609
http://dx.doi.org/10.1016/j.neuroimage.2006.09.018
http://www.ncbi.nlm.nih.gov/pubmed/17070705
http://dx.doi.org/10.1016/j.neuroimage.2006.02.024
http://dx.doi.org/10.1161/STROKEAHA.108.530832
http://dx.doi.org/10.3389/fninf.2011.00023
http://dx.doi.org/10.1016/j.jalz.2014.06.011
http://dx.doi.org/10.1093/cvr/cvy104
http://dx.doi.org/10.1161/STROKEAHA.116.014651
http://dx.doi.org/10.1002/ana.24758
http://dx.doi.org/10.1038/nature06976
http://dx.doi.org/10.1212/WNL.43.11.2311
http://dx.doi.org/10.1002/mrm.1910340409
http://dx.doi.org/10.1073/pnas.0601417103


Int. J. Mol. Sci. 2019, 20, 2656 13 of 15

43. Glasser, M.F.; Coalson, T.S.; Robinson, E.C.; Hacker, C.D.; Yacoub, E.; Ugurbil, K.; Andersson, J.;
Beckmann, C.F.; Jenkinson, M.; Smith, S.M.; et al. A Multi-Modal Oarcellation of Human Cerebral
Cortex. Nature 2017, 536, 171–178. [CrossRef]

44. Calhoun, V.D.; Adali, T.; Hansen, L.K.; Larsen, J.; Pekar, J.J. ICA of functional MRI data: An overview. In
Proceedings of the International Workshop on Independent Component Analysis and Blind Signal Separation,
Nara, Japan, 2003; Citeseer, 2003.

45. Mijalkov, M.; Kakaei, E.; Pereira, J.B.; Westman, E.; Volpe, G. BRAPH: A graph theory software for the
analysis of brain connectivity. PLoS ONE 2017, 12, e0178798. [CrossRef]

46. Zhou, Y.; Yu, F.; Duong, T. Multiparametric MRI characterization and prediction in autism spectrum disorder
using graph theory and machine learning. PLoS ONE 2014, 9, e90405. [CrossRef]

47. Raichle, M.E.; MacLeod, A.M.; Snyder, A.Z.; Powers, W.J.; Gusnard, D.A.; Shulman, G.L. A default mode of
brain function. Proc. Natl. Acad. Sci. USA 2001, 98, 676–682. [CrossRef]

48. Agosta, F.; Pievani, M.; Geroldi, C.; Copetti, M.; Frisoni, G.B.; Filippi, M. Resting state fMRI in Alzheimer’s
disease: Beyond the default mode network. Neurobiol. Aging 2012, 33, 1564–1578. [CrossRef]

49. Binnewijzend, M.A.; Schoonheim, M.M.; Sanz-Arigita, E.; Wink, A.M.; van der Flier, W.M.; Tolboom, N.;
Adriaanse, S.M.; Damoiseaux, J.S.; Scheltens, P.; van Berckel, B.N.; et al. Resting-state fMRI changes in
Alzheimer’s disease and mild cognitive impairment. Neurobiol. Aging 2012, 33, 2018–2028. [CrossRef]

50. Wang, J.; Chen, Y.; Liang, H.; Niedermayer, G.; Chen, H.; Li, Y.; Wu, M.; Wang, Y.; Zhang, Y. The Role
of Disturbed Small-World Networks in Patients with White Matter Lesions and Cognitive Impairment
Revealed by Resting State Function Magnetic Resonance Images (rs-fMRI). Med. Sci. Monit. 2019, 25, 341–356.
[CrossRef]

51. Yu, Y.; Zhou, X.; Wang, H.; Hu, X.; Zhu, X.; Xu, L.; Zhang, C.; Sun, Z. Small-World Brain Network and
Dynamic Functional Distribution in Patients with Subcortical Vascular Cognitive Impairment. PLoS ONE
2015, 10, e0131893. [CrossRef]

52. Iadecola, C. The pathology of vascular dementia. Neuron 2013, 80, 844–866. [CrossRef]
53. Boos, M.; Meaney, J.M. Large Vessels and Peripheral Vessels. In Clinical MR Imaging: A Practical Approach;

Reimer, P., Parizel, P.M., Stichnoth, F.-A., Eds.; Springer: Berlin/Heidelberg, Germany, 2006; pp. 397–445.
54. Lim, R.P.; Shapiro, M.; Wang, E.Y.; Law, M.; Babb, J.S.; Rueff, L.E.; Jacob, J.S.; Kim, S.; Carson, R.H.;

Mulholland, T.P.; et al. 3D time-resolved MR angiography (MRA) of the carotid arteries with time-resolved
imaging with stochastic trajectories: Comparison with 3D contrast-enhanced bolus-chase MRA and 3D
time-of-flight MRA. Am. J. Neuroradiol. 2008, 29, 1847–1854. [CrossRef]

55. Yamada, N.; Hayashi, K.; Murao, K.; Higashi, M.; Iihara, K. Time-of-flight MR angiography targeted to
coiled intracranial aneurysms is more sensitive to residual flow than is digital subtraction angiography.
Am. J. Neuroradiol. 2004, 25, 1154–1157.

56. Nakamizo, A.; Kikkawa, Y.; Hiwatashi, A.; Matsushima, T.; Sasaki, T. Executive function and diffusion in
frontal white matter of adults with moyamoya disease. J. Stroke Cereb. Dis. 2014, 23, 457–461. [CrossRef]

57. Dengler, N.F.; Madai, V.I.; Wuerfel, J.; von Samson-Himmelstjerna, F.C.; Dusek, P.; Niendorf, T.; Sobesky, J.;
Vajkoczy, P. Moyamoya Vessel Pathology Imaged by Ultra-High-Field Magnetic Resonance Imaging at 7.0 T.
J. Stroke Cereb. Dis. 2016, 25, 1544–1551. [CrossRef]

58. Oh, B.H.; Moon, H.C.; Baek, H.M.; Lee, Y.J.; Kim, S.W.; Jeon, Y.J.; Lee, G.S.; Kim, H.R.; Choi, J.H.; Min, K.S.;
et al. Comparison of 7T and 3T MRI in patients with moyamoya disease. Magn. Reson. Imaging 2017, 37,
134–138. [CrossRef]

59. Barker, P.B.; Golay, X.; Zaharchuk, G. Clinical Perfusion MRI: Techniques and Applications; Cambridge University
Press: Cambridge, UK, 2013.

60. Buxton, R.B.; Frank, L.R.; Wong, E.C.; Siewert, B.; Warach, S.; Edelman, R.R. A general kinetic model for
quantitative perfusion imaging with arterial spin labeling. Magn. Reson. Med. 1998, 40, 383–396. [CrossRef]
[PubMed]

61. Bangen, K.J.; Werhane, M.L.; Weigand, A.J.; Edmonds, E.C.; Delano-Wood, L.; Thomas, K.R.; Nation, D.A.;
Evangelista, N.D.; Clark, A.L.; Liu, T.T.; et al. Reduced Regional Cerebral Blood Flow Relates to Poorer
Cognition in Older Adults With Type 2 Diabetes. Front. Aging Neurosci. 2018, 10, 270. [CrossRef] [PubMed]

62. Zhong, G.; Zhang, R.; Jiaerken, Y.; Yu, X.; Zhou, Y.; Liu, C.; Lin, L.; Tong, L.; Lou, M. Better correlation
of cognitive function to white matter integrity than to blood supply in subjects with leukoaraiosis.
Front. Aging Neurosci. 2017, 9, 185. [CrossRef]

http://dx.doi.org/10.1038/nature18933
http://dx.doi.org/10.1371/journal.pone.0178798
http://dx.doi.org/10.1371/journal.pone.0090405
http://dx.doi.org/10.1073/pnas.98.2.676
http://dx.doi.org/10.1016/j.neurobiolaging.2011.06.007
http://dx.doi.org/10.1016/j.neurobiolaging.2011.07.003
http://dx.doi.org/10.12659/MSM.913396
http://dx.doi.org/10.1371/journal.pone.0131893
http://dx.doi.org/10.1016/j.neuron.2013.10.008
http://dx.doi.org/10.3174/ajnr.A1252
http://dx.doi.org/10.1016/j.jstrokecerebrovasdis.2013.03.022
http://dx.doi.org/10.1016/j.jstrokecerebrovasdis.2016.01.041
http://dx.doi.org/10.1016/j.mri.2016.11.019
http://dx.doi.org/10.1002/mrm.1910400308
http://www.ncbi.nlm.nih.gov/pubmed/9727941
http://dx.doi.org/10.3389/fnagi.2018.00270
http://www.ncbi.nlm.nih.gov/pubmed/30250430
http://dx.doi.org/10.3389/fnagi.2017.00185


Int. J. Mol. Sci. 2019, 20, 2656 14 of 15

63. Gonzalez, F.A. Biomedical Image Analysis and Machine Learning Technologies: Applications and Techniques;
IGI Global: Hershey, PA, USA, 2009.

64. Bria, A.; Karssemeijer, N.; Tortorella, F. Learning from unbalanced data: A cascade-based approach for
detecting clustered microcalcifications. Med. Image Anal. 2014, 18, 241–252. [CrossRef]

65. Ehteshami Bejnordi, B.; Mullooly, M.; Pfeiffer, R.M.; Fan, S.; Vacek, P.M.; Weaver, D.L.; Herschorn, S.;
Brinton, L.A.; van Ginneken, B.; Karssemeijer, N.; et al. Using deep convolutional neural networks to
identify and classify tumor-associated stroma in diagnostic breast biopsies. Mod. Pathol. 2018, 31, 1502–1512.
[CrossRef]

66. Esteva, A.; Kuprel, B.; Novoa, R.A.; Ko, J.; Swetter, S.M.; Blau, H.M.; Thrun, S. Dermatologist-level
classification of skin cancer with deep neural networks. Nature 2017, 542, 115. [CrossRef] [PubMed]

67. Caruana, R.; Niculescu-Mizil, A. An Empirical Comparison of Supervised Learning Algorithms. In
Proceedings of the 23rd international conference on Machine learning, Pittsburgh, PA, USA, 25–29 June 2006;
ACM: New York, NY, USA, 2006; pp. 161–168.

68. Längkvist, M.; Karlsson, L.; Loutfi, A. A review of unsupervised feature learning and deep learning for
time-series modeling. Pattern Recognit. Lett. 2014, 42, 11–24. [CrossRef]

69. Safavian, S.R.; Landgrebe, D. A survey of decision tree classifier methodology. IEEE Trans. Syst. Man Cybern.
1991, 21, 660–674. [CrossRef]

70. Cortes, C.; Vapnik, V. Support-vector networks. Mach. Learn. 1995, 20, 273–297. [CrossRef]
71. Breiman, L. Random forests. Mach. Learn. 2001, 45, 5–32. [CrossRef]
72. LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436. [CrossRef]
73. Jack Jr, C.R.; Bernstein, M.A.; Fox, N.C.; Thompson, P.; Alexander, G.; Harvey, D.; Borowski, B.; Britson, P.J.;

Whitwell, J.L.; Ward, C.; et al. The Alzheimer’s Disease Neuroimaging Initiative (ADNI): MRI methods.
J. Magn. Reson. Imaging 2008, 27, 685–691. [CrossRef] [PubMed]

74. Van Essen, D.C.; Smith, S.M.; Barch, D.M.; Behrens, T.E.J.; Yacoub, E.; Ugurbil, K. The WU-Minn Human
Connectome Project: An overview. NeuroImage 2013, 80, 62–79. [CrossRef] [PubMed]

75. Salles, A.; Bjaalie, J.G.; Evers, K.; Farisco, M.; Fothergill, B.T.; Guerrero, M.; Maslen, H.; Muller, J.; Prescott, T.;
Stahl, B.C.; et al. The Human Brain Project: Responsible Brain Research for the Benefit of Society. Neuron
2019, 101, 380–384. [CrossRef]

76. Sun, Y.; Bi, Q.; Shu, N.; Han, Y. Prediction of Conversion from Amnestic Mild Cognitive Impairment to
Alzheimer’s Disease Based on Brain Structural Connectome. Alzheimers Dement. 2018, 14, P1286–P1287.
[CrossRef]

77. Spasov, S.; Passamonti, L.; Duggento, A.; Lio, P.; Toschi, N.; Alzheimer’s Disease Neuroimaging, I. A
parameter-efficient deep learning approach to predict conversion from mild cognitive impairment to
Alzheimer’s disease. Neuroimage 2019, 189, 276–287. [CrossRef] [PubMed]

78. Ju, R.; Hu, C.; Zhou, P.; Li, Q. Early Diagnosis of Alzheimer’s Disease Based on Resting-State Brain Networks
and Deep Learning. IEEE/ACM Trans. Comput. Biol. Bioinform. 2019, 16, 244–257. [CrossRef]

79. Moradi, E.; Pepe, A.; Gaser, C.; Huttunen, H.; Tohka, J.; Initiative, A.S.D.N. Machine learning framework
for early MRI-based Alzheimer’s conversion prediction in MCI subjects. Neuroimage 2015, 104, 398–412.
[CrossRef] [PubMed]

80. Fotiadis, P.; van Rooden, S.; van der Grond, J.; Schultz, A.; Martinez-Ramirez, S.; Auriel, E.; Reijmer, Y.; van
Opstal, A.M.; Ayres, A.; Schwab, K.M.; et al. Cortical atrophy in patients with cerebral amyloid angiopathy:
A case-control study. Lancet Neurol. 2016, 15, 811–819. [CrossRef]

81. Jack, C.R.; Knopman, D.S.; Jagust, W.J.; Shaw, L.M.; Aisen, P.S.; Weiner, M.W.; Petersen, R.C.; Trojanowski, J.Q.
Hypothetical model of dynamic biomarkers of the Alzheimer’s pathological cascade. Lancet Neurol. 2010, 9,
119–128. [CrossRef]

82. Weaver, N.A.; Zhao, L.; Biesbroek, J.M.; Kuijf, H.J.; Aben, H.P.; Bae, H.-J.; Caballero, M.Á.A.; Chappell, F.M.;
Chen, C.P.L.H.; Dichgans, M.; et al. The Meta VCI Map consortium for meta-analyses on strategic lesion
locations for vascular cognitive impairment using lesion-symptom mapping: Design and multicenter pilot
study. Alzheimers Dement. 2019, 11, 310–326. [CrossRef] [PubMed]

83. Ivanov, D.; Gardumi, A.; Haast, R.A.M.; Pfeuffer, J.; Poser, B.A.; Uludag, K. Comparison of 3T and 7T ASL
techniques for concurrent functional perfusion and BOLD studies. Neuroimage 2017, 156, 363–376. [CrossRef]

http://dx.doi.org/10.1016/j.media.2013.10.014
http://dx.doi.org/10.1038/s41379-018-0073-z
http://dx.doi.org/10.1038/nature21056
http://www.ncbi.nlm.nih.gov/pubmed/28117445
http://dx.doi.org/10.1016/j.patrec.2014.01.008
http://dx.doi.org/10.1109/21.97458
http://dx.doi.org/10.1007/BF00994018
http://dx.doi.org/10.1023/A:1010933404324
http://dx.doi.org/10.1038/nature14539
http://dx.doi.org/10.1002/jmri.21049
http://www.ncbi.nlm.nih.gov/pubmed/18302232
http://dx.doi.org/10.1016/j.neuroimage.2013.05.041
http://www.ncbi.nlm.nih.gov/pubmed/23684880
http://dx.doi.org/10.1016/j.neuron.2019.01.005
http://dx.doi.org/10.1016/j.jalz.2018.06.1809
http://dx.doi.org/10.1016/j.neuroimage.2019.01.031
http://www.ncbi.nlm.nih.gov/pubmed/30654174
http://dx.doi.org/10.1109/TCBB.2017.2776910
http://dx.doi.org/10.1016/j.neuroimage.2014.10.002
http://www.ncbi.nlm.nih.gov/pubmed/25312773
http://dx.doi.org/10.1016/S1474-4422(16)30030-8
http://dx.doi.org/10.1016/S1474-4422(09)70299-6
http://dx.doi.org/10.1016/j.dadm.2019.02.007
http://www.ncbi.nlm.nih.gov/pubmed/31011619
http://dx.doi.org/10.1016/j.neuroimage.2017.05.038


Int. J. Mol. Sci. 2019, 20, 2656 15 of 15

84. Micotti, E.; Paladini, A.; Balducci, C.; Tolomeo, D.; Frasca, A.; Marizzoni, M.; Filibian, M.; Caroli, A.;
Valbusa, G.; Dix, S.; et al. Striatum and entorhinal cortex atrophy in AD mouse models: MRI comprehensive
analysis. Neurobiol. Aging 2015, 36, 776–788. [CrossRef]

85. Badea, A.; Gewalt, S.; Avants, B.B.; Cook, J.J.; Johnson, G.A. Quantitative mouse brain phenotyping based on
single and multispectral MR protocols. Neuroimage 2012, 63, 1633–1645. [CrossRef]

86. Allan Johnson, G.; Wang, N.; Anderson, R.J.; Chen, M.; Cofer, G.P.; Gee, J.C.; Pratson, F.; Tustison, N.;
White, L.E. Whole mouse brain connectomics. J. Comp. Neurol. 2018. [CrossRef] [PubMed]

87. Montagne, A.; Nikolakopoulou, A.M.; Zhao, Z.; Sagare, A.P.; Si, G.; Lazic, D.; Barnes, S.R.; Daianu, M.;
Ramanathan, A.; Go, A.; et al. Pericyte degeneration causes white matter dysfunction in the mouse central
nervous system. Nat. Med. 2018, 24, 326–337. [CrossRef] [PubMed]

88. Zerbi, V.; Grandjean, J.; Rudin, M.; Wenderoth, N. Mapping the mouse brain with rs-fMRI: An optimized
pipeline for functional network identification. Neuroimage 2015, 123, 11–21. [CrossRef]

89. Gorges, M.; Roselli, F.; Müller, H.-P.; Ludolph, A.C.; Rasche, V.; Kassubek, J. Functional Connectivity
Mapping in the Animal Model: Principles and Applications of Resting-State fMRI. Front. Neurol. 2017, 8,
200. [CrossRef]

90. Gozzi, A.; Schwarz, A.J. Large-scale functional connectivity networks in the rodent brain. NeuroImage 2016,
127, 496–509. [CrossRef]

91. Liu, D.; Lu, H.; Stein, E.; Zhou, Z.; Yang, Y.; Mattson, M.P. Brain regional synchronous activity predicts
tauopathy in 3×TgAD mice. Neurobiol. Aging 2018, 70, 160–169. [CrossRef]

92. Jonckers, E.; Shah, D.; Hamaide, J.; Verhoye, M.; Van der Linden, A. The power of using functional fMRI on
small rodents to study brain pharmacology and disease. Front. Pharmacol. 2015, 6, 231. [CrossRef]

93. Faraco, G.; Brea, D.; Garcia-Bonilla, L.; Wang, G.; Racchumi, G.; Chang, H.; Buendia, I.; Santisteban, M.M.;
Segarra, S.G.; Koizumi, K.; et al. Dietary salt promotes neurovascular and cognitive dysfunction through a
gut-initiated TH17 response. Nat. Neurosci. 2018, 21, 240–249. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.neurobiolaging.2014.10.027
http://dx.doi.org/10.1016/j.neuroimage.2012.07.021
http://dx.doi.org/10.1002/cne.24560
http://www.ncbi.nlm.nih.gov/pubmed/30328104
http://dx.doi.org/10.1038/nm.4482
http://www.ncbi.nlm.nih.gov/pubmed/29400711
http://dx.doi.org/10.1016/j.neuroimage.2015.07.090
http://dx.doi.org/10.3389/fneur.2017.00200
http://dx.doi.org/10.1016/j.neuroimage.2015.12.017
http://dx.doi.org/10.1016/j.neurobiolaging.2018.06.016
http://dx.doi.org/10.3389/fphar.2015.00231
http://dx.doi.org/10.1038/s41593-017-0059-z
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Background 
	Structural MRI to Quantify Morphological Alterations 
	Diffusion Imaging to Evaluate White Matter Integrity 
	Functional MRI to Highlight Networks of Neurons 
	Magnetic Resonance Angiography and Arterial Spin Labeling for Imaging of the Cerebrovascular Tree, from Large Vessels to Microcirculation 
	New Analysis Techniques to Leverage Multimodal Big Data: Machine Learning Applied to Neuroimaging 
	MRI in the Clinical Practice: toward Better Healthcare through Imaging Insights 
	Novel Imaging Strategies in Experimental Models: A Translational Approach from Bench to Bedside 
	Conclusions and Perspective 
	References

