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Abstract
Several processing steps are required prior to any type of analysis of Restingstate functional Magnetic Resonance Imaging (R-fMRI). This preprocessing is
necessary to remove signal of no interest from the R-fMRI images; such as signals
coming from movements of the subject inside the scanner, heartbeats, breathing
or others. The preprocessing of fMRI data consists of several steps, and multiple
softwares are available for each of them. Moreover, an optimal preprocessing
of R-fMRI images requires several steps combining multiple softwares, which is
highly time-consuming, expensive and inefficient if done manually for each case.
In addition, it is necessary to perform image processing to obtain functional
connectivity matrices between different regions of the brain. Therefore, the objective of the present work is to develop a pipeline that automatically performs
the preprocessing and processing of R-fMRI data in the combination of software
tools with the best performance for each processing instance. For this, it will
be necessary to understand the different steps of the preprocessing and their
associated functions, and managing the input and output files for each one of
these functions in the most efficient way.
Keywords: Functional connectivity - Resting state - Processing - Magnetic
Resonance Imaging - Pipeline - fMRI - Functional magnetic resonance

Resumen
Se requieren varios pasos de procesamiento antes de cualquier tipo de análisis de
imágenes por resonancia magnética funcional en estado de reposo (IRMf - R).
Este preprocesamiento es necesario para eliminar la señal de interés de las imágenes de IRMf - R, como las señales provenientes de los movimientos del sujeto
dentro del escáner, los latidos del corazón, la respiración u otros. El preprocesamiento de los datos de IRMf consiste en varios pasos, y múltiples programas
están disponibles para cada uno de ellos. Además, un preprocesamiento óptimo
de las imágenes de IRMf - R requiere varios pasos que combinan múltiples softwares, lo cual es muy lento, costoso e ineficiente si se hace manualmente para
cada caso.
Además, es necesario realizar un procesamiento de imágenes para obtener matrices de conectividad funcional entre diferentes regiones del cerebro. Por lo
tanto, el objetivo del presente trabajo es desarrollar un pipeline que realice automáticamente el preprocesamiento y procesamiento de los datos de IRMf - R
en la combinación de herramientas de software con el mejor rendimiento para
cada instancia de procesamiento. Para ello, será necesario conocer los diferentes
pasos del preprocesamiento y sus funciones asociadas, así como gestionar de la
forma más eficiente los archivos de entrada y salida de cada una de estas funciones.
Keywords: Conectividad funcional - Estado de reposo - Procesamiento - Resonancia magnética cerebral funcional - Pipeline - IRMf
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Introduction

The human brain is the most complex organ in the human body. Understanding
how it works and how it relates to other structures represents one of the most
stimulating scientific challenges of our time (N Tandon, 2000). Recent advances
in MRI technology, such as functional magnetic resonance imaging (fMRI), can
provide detailed images of the human brain that reflect localized changes in
brain blood flow and oxygenation induced by sensory, motor, or cognitive tasks.
(DeYoe et al., 1994)
fMRI provides accurate measurements of correlated activity throughout the
brain, leading to the first complete descriptions of functional brain networks
in humans. In addition, it makes it possible to explore how mental illnesses
interfere with human cognitive functions (Gordon et al., 2017). Researchers
conclude that identifying changes in the brain associated with cardiovascular
risk factors can prevent the manifestation of irreversible disease patterns and
positively alter the clinical course of patients (Chuang et al., 2014). The scope
of fRMI is even broader when used as a tool to establish relationships about how
these alterations in cognitive functions are more or less pronounced in patients
with cardiovascular risk factors. (Friedman et al., 2014)
Therefore, fRMI as a research tool begins to play a key role as a diagnostic
non-invasive imaging technology for prevention since it is estimated that the
number of people with dementia will reach a total of 135.46 million people in
2050. This is a global epidemic, and yet the cases are disproportionately concentrated in the world’s richest and oldest demographic countries (Prince et al.,
2013).
On the other hand, cardiovascular diseases (CVDs) are the leading cause of
death worldwide. It is estimated that 17.9 million people died from CVD in
2015 and that 22.2 million people will die from CVD in 2030. People with
cardiovascular disease or who are at high cardiovascular risk (due to the presence of one or more risk factors such as hypertension, diabetes, or established
diseases) need early detection and treatment, as appropriate. (Ruan et al., 2018)
Traditional cardiovascular risk factors (CVRF) are known to increase the risk
of cognitive dysfunction and there is an association between CVD and dementia, not only vascular dementia but also Alzheimer’s disease. However, the
pathophysiology of this association and how it correlates with and influences
progression in the preclinical phases of the disease is unclear. (Ruan et al.,
2018)
This project is developed within the framework of a study proposed by a multidisciplinary research team which, through sophisticated image evaluation, aims
to improve the understanding of the relationship between cardiovascular disease
(CVD) and neurocognitive disease (NCD). The team is made up of experts in
1

different fields of CVD and NCD who want to unravel the relationship between
subclinical atherosclerosis, cognitive impairment and Alzheimer’s disease. Its
purpose is to facilitate early diagnosis, risk assessment and potential new options to prevent neurocognitive impairment. (H2H, 2019)
However, to achieve a good analysis with fRMI it is necessary to remove a
number of sources of noise that arise in the use of this technique. This sources
are associated with the head movement, physiological noise, structural changes
in the brain, image recording, spatial and temporal resolution, field strength,
and software diversity (Brooks et al., 2013).
In addition, manual step-by-step processing of fMRI images and selection of the
best software for each step is time-consuming and laborious work by specialized
personnel, making it expensive and inefficient. The following work proposes a
way to resolve the different limitations mentioned above. Solutions that imply
the realization of a pipeline of preprocessing and processing of medical images
using free software for fMRI.

Figure 1: General scheme
Figure 1 shows the general scheme that this work will follow. First, we will have
the input images obtained through R-fMRI and those needed for preprocessing.
These images will be used as input in the pipeline developed for preprocessing
and that allows to obtain the image of brain activation of the patient object of
study that is shown inside the circle. This image will be used as input in the
processing step and we will have as many images as patients in order to calculate the correlation matrices between regions and be able to infer the result.
Then, as a collaboration with the project, we will develop a tool for preprocessing R-fMRI data in an automatic and optimized way. Also, and for clinical
applications, we will implement the computation of connectivity matrices and
the posterior between-groups comparisons for the H2H project.

2

1.1

Preliminary concepts

First of all, it is necessary to define all the concepts that will lead us to a better
understanding of this work. In order to do this, we will start with the most
general and then we will go deeper into the specific applications carried out.
1.1.1

Magnetic Resonance Image

Magnetic resonance imaging (MRI) is a noninvasive diagnostic imaging technique that uses a magnetic field and radiofrequency pulses to obtain information
about the structure and composition of the human body. The information obtained is processed and transformed using computers to obtain the image object
of study. This image will be used to determine the patient’s state of health.
When the patient is inside of the magnetic resonance scanner, the main magnet
generates a constant magnetic field resulting in all the nuclei of the hydrogen
atoms present in each volume of the human body possess the same magnetic
moment and therefore, the same resonance frequency (Gili, 1993). However,
the hydrogen atoms that are precessing around the field with the same angular frequency have a random phase. Then, a radiofrequency pulse is used to
align the phase and flip the atoms. This causes the longitudinal magnetization
to decrease and a transverse magnetization is established. When the radiofrequency pulse is removed and the hydrogen atoms return to their equilibrium
position it is possible to obtain a signal that can be measured using a receiver
coil. (Lindquist, 2019)
MRI is a technique widely used for the benefits it offers, since it allows the
study of the musculoskeletal system, the nervous system, the digestive system,
the cardiovascular system, the breast and pelvic organs with a high spatial resolution that allows us to distinguish the different types of tissues that make up
the human body. (INBIB, 2019)
1.1.2

Functional Magnetic Resonance Image

Functional magnetic resonance imaging is a technique that allows us to study
the activity of the brain and evaluate the effects of diseases that affect the brain
through metabolic consumption. In addition, the fMRI allows the analysis of
functional connectivity in resting state, while performing a task or during the
perception of a stimulus. (Glover, 2011)
It is possible to detect changes in the BOLD (Blood Oxygen Level Dependent)
signal because to perform its function, a neuron needs oxygen and glucose.
Then, after the neuron performs its metabolic activity, consumes oxygen and
the hemoglobin in the blood changes its magnetic characteristics, there is an
alteration of the magnetic field around the activation zone, resulting in nearby
tissue protons being subjected to different intensities of the magnetic field, thus
developing different precession velocities. (Lindquist, 2019)

3

As neurons activate, their metabolic activity increases and local blood flow
increases through the hemodynamic response. This increase in cerebral blood
flow causes a local increase in blood glucose in an amount similar to that required by activated neurons. After the oxygenated blood reaches the activation
zone, the activated neurons perform their metabolic function and the blood
leaves the activation zone in the form of deoxygenated blood. (Fox & Raichle,
2007)
The change in precession velocity leads the fMRI scanner to measure a lower
signal when the blood is not oxygenated and allows a higher signal level to be
measured when the blood is oxygenated. Thus, what is actually measured indirectly is the metabolism of the activated neuron and it is possible to associate
that the activity belongs to a brain process. Therefore, a three-dimensional digital image is obtained after signal processing. A digital image can be described
as a matrix of numbers corresponding to spatial locations. Each number, element or voxel, of the image is usually represented in terms of gray values (or
color values). Finally, each voxel reflects the activation level of the neurons
included in the volume of that voxel. (Costa & Soria, 2015)

Figure 2: Voxels represented in terms of intensity values (Poldrack et al., 2011)
1.1.3

Sources of noise in fRMI

To analyze the information obtained through fRMI, it is important to know that
the data may be associated with a series of artifacts. It is possible to define
noise as those unwanted perturbations present in the main signal that cause
interference and can alter the information in a more or less prejudicial manner.
(Drake, 2005)
In fMRI different sources of noise can be found, the most influential in the
measurement of neuronal activity, are thermal noise and physiological noise.
The thermal noise is due to the movement of electrons, which causes current
distortion in the fMRI detector. It increases with temperature and affects all
voxels similarly. The physiological noise, on the other hand, is due to the move4

ment of the patient’s head inside the scanner either by breathing, swallowing,
heartbeat or the subject who is restless. (Huettel et al., 2004) (Liu et al., 2006)
These movements will cause the voxel-to-neurons mapping to change while the
scan is in progress. As fMRI is acquired in slices, after movement, a voxel continues to refer to the same absolute location in space, while the neurons beneath
it would have changed. The physiological noise is the main contributor to total
noise. (Huettel et al., 2004) (Krüger & Glover, 2001)
Considering the information given in the previous paragraph, the following work
will concentrate on correcting the movements of the patient’s head in order to
minimize the physiological noise that interferes with the signal of interest. For
this purpose, a series of software specially designed for this purpose will be used,
as described below.
1.1.4

Software packages for fMRI analysis

In this section, this work will focus only on the free software packages available
for fMRI analysis. The unique focus on free software is due to the fact that
the objectives included the need to create a preprocessing pipeline where it is
not necessary to purchase software in order to use it. In addition, the pipeline
will be used in a cluster where having commercial software multiplies the costs
when a corporate license is required. On the other hand, being free software
gives the possibility of making as many modifications as are necessary in the
source code according to the type of application and the specific need of the
type of preprocessing that you want to do.
Advanced Normalization Tools
ANTs is a great software package for the registration, segmentation and normalization of MRI data. Its use is highly recommended for data normalization
as it allows normalization with a variety of transformation models, construction
of optimal templates, multivariate similarity metrics, segmentation of images
with and without prior information and measurement of cortical thickness from
probabilistic segmentation. The standardization tools offered by this software
provide an almost unlimited range of functionality and the user can develop customized objective functions. ANTs therefore serves as the basis for algorithm
development and also as a set of application-oriented tools. (Avants et al., 2009)
FMRIB Software Library
FSL is a sophisticated tool for the analysis of data from brain images with
a simple user interface. This software package includes robust tools for independent component analysis for both artifact detection and modeling of resting
fMRI data, also allows the pre-processing of structural and functional images
with tools such as BET, epireg or flirt. FSL includes a powerful visualization
tool called FSLeyes, which allows images to be superimposed, probabilistic atlases and time series analysis to be performed. (Smith et al., 2004)
5

In addition, FSL has an online wiki (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/)
written by its creators that provides information on each of the tools offered
with application examples which makes it especially useful as a guide for the
use and application of these.
Analysis of Functional NeuroImages
Analysis of Functional NeuroImages (AFNI) is a program developed for the
analysis and visualization of anatomical and functional MRI data. It has flexible visualization capabilities, this being its greatest strength although it is not
as sophisticated a tool as the one offered by FSL. However, AFNI currently integrates the statistical package R enabling the use of its sophisticated modeling
techniques. The latter adds great potential for the analysis of large amounts of
data such as fRMI. (Poldrack et al., 2011)
FreeSurfer
FreeSurfer is a free software package for the analysis and processing of anatomic
MRI. Although it is not an analysis package specially designed for fMRI, it has
become increasingly useful for fMRI analysis because it allows for the automatic
generation of cortical surface models and anatomical parcels in a very simple
way. These models can be used to align data between subjects and then it is
possible to import the statistical results obtained using, for example, FSL. Imported results can be projected onto the reconstructed cortical surface, allowing
statistical analysis. (Poldrack et al., 2011)
1.1.5

Software selection criteria

It is important to point out that this work will be used in a specific research.
Therefore, the first selection criteria is based initially on the premise that it
must be free software in order to avoid having to deal with paid licenses. In this
way, anyone who wants to use the preprocessing pipeline that will be developed
can use it.
On the other hand, the second selection criteria is that the number of patients
to be analyzed is several hundred. Then, another criterion to consider in the
selection is that the software used to make the preprocessing pipeline can be
used in a cluster and can be executed in parallel and thus reduce processing
times.
One of the problems when selecting one software or another is that there are
certain individual characteristics of these software that work better in one case
or another. So in a conventional analysis, the user should open a software, use
the tool of interest and then use another one individually, which requires knowing the characteristics of more than one software and a really important time
consumption. Therefore, an optimal approach would be to take the individual
characteristics of each of the software, enter the image you want to process and
6

at the output, obtain the final image processed with the best of each software.
However, the above approach requires the user of the developed pipeline to
enter the images of a subject and output the processed image of that single
subject. Ideally, the solution would be for the user to enter the images to be
processed of as many subjects as he wants and at the output obtain all the
results in a single execution. In other words, we want to automate the process
for all the subjects under study.
After investigating possible alternatives, it was found that Python’s Nipype
library allows the use of the individual program features previously described
for fRMI. Each preprocessing tool is considered as a node and then the nodes
can connect to each other creating a workflow. This feature would solve the
problem of working with the best of each software now, the problem to be
solved is which individual tools of each software will be used for our pipeline in
each case. (Gorgolewski et al., 2011)

Figure 3: General example of pipeline for fMRI analysis (Nipype, 2019)
Subsequently, taking into account the above selection criteria and in order to
solve the problem of which individual characteristic should be used in each case,
it was decided to interview the professionals of the Medical Image Laboratory of
the Hospital General Universitario Gregorio Marañón who work with the software mentioned in the previous section. It was found that among the multiple
options for selecting brain analysis software for the same activity, those that
have greater acceptance in literature and practice are always used. Therefore,
this makes it possible to clearly determine the objective to be achieved.

7

2

Objectives

It is important to point out that this work is developed within the framework
of a study proposed by a research group with a clear objective: to unravel
the relationship between subclinical atherosclerosis, cognitive impairment and
Alzheimer’s disease. Its aim is to facilitate early diagnosis, risk assessment and
potential new options for preventing neurocognitive impairment.
Therefore, in order to work with fMRI, developing a preprocessing pipeline
to remove artifacts from the BOLD signal is mandatory. The software must
be developed based on each of the individual strengths of the fMRI software
mentioned above and according to the requirements of the application. At the
end of the preprocessing pipeline it must be possible to visualize the processed
image and, in the case of processing, the final result must show the correlation
matrices between the brain regions that wish to be analyzed, regardless of the
number of patients they are. After indicating the input images and running the
software, preprocessing and processing should be performed automatically. The
sub-objectives are expressed below in the form of items:
• Among the characteristics of the pipeline that will be developed, the fact
that it will be a single execution stands out. It will use the individual
strengths of each of the software mentioned above and taking into account
the selection criteria applied after researching the bibliography, the criteria
of the professionals interviewed and according to the needs of application.
• The information will be organized in folders so that the professional who
will analyze the images can have access to the images of interest obtained
in each of the processing steps in a simple way and in a location predefined
by the user of the pipeline.
• The pipeline obtained will be able to be executed both in a cluster of
computers and in a personal computer without requiring hardware characteristics that exceed the capacity of a conventional computer with Linux
operating system.
• The final image obtained at the exit of the preprocessing stage will be able
to evidence the BOLD signal. On the other hand, after the processing
stage, correlation matrix should be obtained with the correlation between
the signals of cerebral regions.
• The developed software should be able to run very easily from the Linux
terminal or, as a second alternative, with an executable file.
The following sections will explain how each of the necessary steps for the preprocessing and processing of an image obtained by means of resting state functional magnetic resonance image was developed, what its function is and the
results obtained.
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3

State of the art

In recent decades, functional magnetic resonance imaging (fMRI) has been used
to obtain real-time information to analyze brain function. Since its advent,
significant progress has been made in fMRI techniques. In addition, the use
of implicit protocols, external rewards, multivariate analysis, and connectivity
analysis have allowed neuroscientists to explore the possible causal implication
of brain activity. (Dewiputri & Tibor, 2013)
Neuroimaging caused an explosion of studies investigating human cognition in
health and disease. The current imaging equipment allows the acquisition of
multimodal imaging data and combined with non-imaging behavioral data such
as patient history, demographic and genetic information it is a potential diagnostic tool. (Gorgolewski et al., 2011)
This explosion of studies of brain function using neuroimaging went hand in
hand with software development. For the study and visualization of the information obtained, several software packages are used with their own set of
parameters (e.g. AFNI, BrainVoyager, FSL, SPM) with which it is possible to
process and analyze the large amounts of data obtained. (Poldrack et al., 2011)
In a typical analysis, each of these software packages with its own set of parameters, process the raw data and deliver the final result. However, the data
collected may be diverse, and the appropriate algorithms for one set of data
may not be optimal for another. This makes methods of analysis difficult and
makes data exploration and inference challenging. (Gorgolewski et al., 2011)
In addition, the commonly used software packages have different input and
output requirements, use different file formats, run in particular environments
with limited capabilities and with certain types of data. Combining these packages to achieve more sensitive and accurate results has become a common tactic
in brain mapping studies, but it is also true that it takes a lot of work to ensure
valid interoperability between programs. (Rex et al., 2003)
Currently, alternatives have been developed to make use of the best individual
features of each software package that have substantially improved positioning
against the problems mentioned above. These alternatives allow the development of pipelines in different programming languages such as Octave and MatLab (Bellec et al., 2012), LONI pipeline (Dinov et al., 2009) or Python. Using
Python allows access to the large community of developers that offers tutorials
and discussion forums. Also, the Nipype library of Python provides interfaces
to the neuroimaging software with a semantics of uniform use, which facilitates
the interaction between these packages using workflows (Github, 2019).
In all cases, the problem resides in which is the adequate criterion to choose
one or another individual strength of fMRI software that adapts to the type of
study to be performed.
9

4

Material and methods

The images we used were obtained with Philips magnetic resonance equipment
using the eco-planar sequence. The eco-planar sequence (EPI) is a form of ultrafast acquisition derived from the acquisition of multiple lines of space K after
the excitation pulse whose acceleration factor depends on the number of phase
coding per TR allowing to acquire all profiles or views after a single excitation
pulse (Lafuente & Moreno, 2006). The images that were used during the next
development are courtesy of the H2H project. (H2H, 2019).

4.1

Proposed workflow for fMRI preprocessing

The following section will explain in detail the workflow designed according to
the needs of the final application of the present development (see Figure 4).
This is because according to the requirements of the project, we need to be able
to obtain the BOLD signal of the patient under study. For this, this processing
steps are needed to eliminate unwanted disturbances affecting the signal of interest.
It is important to make clear that this work considers the information available about image processing and uses it as a starting point. The selection of the
functions, the criteria applied with respect to the different parameters that can
be modified and that will be explained in the following sections, are part of a
novel proposal. This proposal is the result of long hours of research and development applied to obtain a workflow capable of meeting the needs of the project
initially proposed and seeks to make a contribution to the scientific community.
Once the series of EPI images has been obtained, the necessary steps for preprocessing and obtaining the processed image must be defined. Then, as input
images we will have the EPI image, to begin with the preprocessing, to the
EPI image will be applied the despike function of AFNI whose purpose is the
elimination of peaks in the image. Next, the image obtained after the application of despike will be applied the temporal-spatial correction with the function
SpaceT imeRealigner whose reference node is called realigner.
On the other hand, the magnetic field images to which the magnitude and
phase will be extracted will also be input, being the nodes extract_magnitude1,
extract_phase1, extract_magnitude2 and extract_phase2 where the necessary operation is performed for both magnetic field images obtained in different
TE.
In addition, we will have as input the structural image T1 and its brain mask
obtained with the Freesurfer software to eliminate the non-brain structures of
the patient’s image. The two images above will enter in the nodes mct1 and
mcmask respectively.
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Figure 4: Proposed workflow for fMRI preprocessing
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4.1.1

Distortion correction

EPI images suffer artifacts near areas where there is air and tissue, for example,
in the ear canals or sinuses. The lack of homogeneity of the magnetic field in
these areas takes two forms: dropout and geometric distortion. The dropout
is perceived like a reduced signal in the brain areas such as the frontal orbital
cortex and lateral temporal lobe. The problem is that, once the data has been
acquired, there is no way to recover it. In the case of geometric distortion, it is
possible to slightly correct the effects of magnetic field inhomogeneity by using
a field map. (Poldrack et al., 2011)
4.1.2

Geometric distortion

In fMRI, the geometric distortion is a common problem with EPI images. To
correct this, the literature suggests (Togo et al., 2017) using a correction method
based on the use of a field map to reduce the in-homogeneities of the magnetic
field (Jezzard & Balaban, 1995). This involves using a phase image and a magnitude image obtained at the same acquisition, i.e., at the same echo time (TE).
Being the TE, the time that elapses between the emission of the pulse of the radiofrequency waves, which stimulates the spines, and the moment in which the
signal emitted by them is obtained during their relaxation. (Zeng & Constable,
2002) (Reber et al., 1998)
On the other hand, the distribution of the magnetic field in the subject’s head
depends on the position, which results in an interaction between the distortion and the movement of the head. Therefore, a single field map may not be
sufficient to correct distortions in an entire time series of fMRI and it will be
necessary to use at least two images of magnitude and phase of the same subject
but responding to different TE. (Hutton et al., 2002)
Another aspect that is important to mention is that each image contains four
3D volumes (magnitude, real part, imaginary part and phase). Therefore, the
first step is to separate the total image into individual volumes and extract the
images of interest for the calculation of the field map (magnitude and phase).
This was implemented using FSL’s f slroi function which allows us to get the
regions of interest from our image for the first echo time. This must be repeated
during a second echo time. Then, information from both acquisitions made on
the same patient will be obtained and supplemented to obtain a final image
with more useful information. (FSL, 2019)
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Figure 5: Individual components of a NIFTI image for the first echo time - from
top to bottom: magnitude, real part, imaginary part and phase.
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Figure 6: Individual components of a NIFTI image for the second echo time from top to bottom: magnitude, real part, imaginary part and phase.
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If the coronal, sagittal and axial cuts of both images are carefully observed, it
is possible to think that the major differences can be visualized in the phase
image for a TE in a first acquisition (TE1) and then, in the second TE that
corresponds to the second acquisition (TE2). However, it is also possible to
observe artifacts in the images that correspond to the real and imaginary part
in the form of horizontal lines of greater intensity than the adjacent ones. Then,
in order to start working and create the field map to correct the geometric distortion, we need to obtain the magnitude and phase images of each TE (first
and last image of figures 5 and 6).
The next step is the unwrapping of the phase. For this, we need to obtain
the phase image in radians. What we are looking for is to recover the original
phase values from the main values, because the phase of a complex function is
univocally defined only in the range of main values. (Costantini, 1998)
According to the bibliography, obtaining the phase in radians is achieved with
the f slmaths function of FSL and what should be done is to multiply the phase
image by 3.14 (pi) and divide it by the maximum value of the image over 2.
This is equivalent to multiplying the image by 2 times pi and divide it by its
maximum value. In our case the value by which it will be divided will be 2048
since the maximum value present in the image of obtained phase, to the being
of type INT is of 4096. The final result will be a phase image whose range of
values will be between approximately 0 to 6.28 rads. This procedure should be
applied in both phase images (TE1 and TE2). (FSL, 2019)
Once we get the phase images in the range 0 - 6.28 we use the FSL prelude
(Phase Region Expanding Labeller for Unwrapping Discrete Estimates) function. This function performs the unwrapping of the 3D images. Available information suggests that the input may be a single complex image (NIfTI), or a
pair of images that give phase and magnitude values separately. After applying
the function prelude to the output we will have a real phase image, unwrapped
(in radians). (FSL, 2019)
Now, to obtain the resulting field map of both images in different instances
of acquisition it is necessary to compute the difference between both images
(TE1 - TE2). Then, this result must be divided by the difference in echo times,
in our case and according to what the bibliography suggests, 2.47 ms. Finally,
the result of this operation will be the field map with the information contained
by both images in rads/s. (FSL, 2019)
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Figure 7: Unwrapped phase of the first TE (TE1)

Figure 8: Unwrapped phase of the second TE (TE2)

Figure 9: Difference of both unwrapped images
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In Figure 9, it is possible to see the field map obtained after making the difference between the two unwrapped images. It is visible how the characteristics of
one and the other are present in the final image obtained. Mainly, the changes
can be noticed in the frontal lobe and in the air-tissue interface as mentioned
at the beginning of the section.
Finally, Figure 10 shows the regularization of the field map after applying the
FSL f ugue function. Regularization implies using the f ugue function to eliminate those components that add noise to the image and to smooth the inhomogeneities so that an integrated image is obtained with all the information
available from the two acquisitions. It is an instance that can be performed or
not, depending on the type of acquisition, the type of study and the criteria of
the image analyst. (FSL, 2019)

Figure 10: Field map with the information of both acquired images
The final field map, obtained after regularization, will be used in later stages following the preprocessing of the EPI image, as will be explained in the following
sections.
4.1.3

Motion Correction

During an R-fMRI study the patient may move his/her head (e.g. change in
posture or swallowing) which may have serious consequences on the data to be
collected. When the patient being studied and moves his or her head, two main
effects may occur. (Poldrack et al., 2011)
The first effect that can occur is due to a massive movement of the head and
involves a misalignment in the location of the contiguous images in the temporal
series, it is often called "bulk motion". Standard motion correction techniques
are often designed to correct such events by realigning the time series images
from a reference image. Bulk motion can have great effects on the activation
maps. Normally, it is possible to find it at the edges of the image due to changes
in intensity that occur in the image when a voxel that did not contain brain tissue information after movement contains it. In addition, artifacts can manifest
in a variety of ways depending on the nature of the movement. We will see positive or negative activation rings if the movement occurs along the lower-upper
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axis. On the other hand, if the movement occurs along the left-right axis there
will be negative activation on one side of the head and positive activation on
the other side. Another characteristic of this type of movement is that we can
find it at the edge of the ventricles.
The second effect that can happen with head movement and that can also
be corrected with standard techniques is the interruption of the fMRI signal.
This is because when the head moves, the voxels have a different excitation
than expected by the scanner after passing from one slice to another and the
reconstructed signal does not accurately reflect the tissue that the voxel contains, this effect is known as "spin history". In this case, the expected effect on
the image may result in stripes present in each slice interspersed between bright
and dark whose origin is due to unexpected changes in intensity in a slice or a
set of slices. (Poldrack et al., 2011)
4.1.4

Slice timing correction

Acquisition of information at the right time is essential for functional analysis
of MRI data. However, this acquisition may result in a temporary shift between
slices. To compensate this time difference, the slice timing correction is used to
correct the slice time as a preprocessing step of fMRI. (Sladky et al., 2011)
When acquiring data corresponding to different parts of the image, temporary
differences may appear between acquisition and acquisition that depend on the
repetition time (TR). These differences in acquisition time introduce problems
in the analysis of fMRI data because the analysis assumes that all image data
were acquired at the same time, causing a mismatch between the analysis model
used and the data collected. Then, to solve this problem, the slice timing correction was developed. (Henson et al., 1999)
The most common way is to choose a slice, take it as a reference and interpolate the data from all the other slices to match the reference slice. The result
is a data set in which each segment represents the activity at the same time.
(Poldrack et al., 2011)

Figure 11: Problems with data collection in the time series (Poldrack et al.,
2011)
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In practice, the following problem arises, the correction of the movement or the
slice timing correction must be applied first. This is because if motion correction is applied first, data that was acquired at one point in time may be moved
to another section and therefore the acquisition time may not match the actual
acquisition section of the data. On the other hand, if the amount of motion is
significant, even after applying motion correction, voxels will follow the direction of that correction with respect to time being able to enter data at different
points in time and therefore, the data collected will not match the actual information. (Poldrack et al., 2011)
On the other hand, if slice timing correction is applied first, differences in intensity related to motion propagated over time may appear. In addition, any
type of movement will cause the same type of mismatch between the nominal
and actual time of the acquisition as mentioned above. (Poldrack et al., 2011)
After researching the available bibliography on the subject, it can be observed
that in practice it is common to apply the synchronization of the cuts before the
correction of motion. However, for the pipeline that was developed in the following work, it was decided to apply motion correction and slice timing correction
simultaneously to avoid successive interpolations resulting in a greater amount
of execution time. This is achieved with FSL’s SpaceT imeRealigner function
used in conjunction with Python’s nipype library. The correction, is applied to
the EPI image containing the R-fMRI time series information. (Roche, 2011)
4.1.5

EPI image registration

After defining the previous instances where the input images are determined for
the next step and being able to concentrate on the epireg node, it is important
to clarify that all images must always be registered in the same plane, that is,
the structural image must be in the same orientation plane as the EPI image
with its time series. For this reason, we use the reorient function in nipype that
rearranges the image. For this it is necessary that the effective transformation
is calculated from the original EPI image’s.

Figure 12: Structural image and its mask obtained with Freesurfer software
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Defined the previous considerations, the work will now focus on the FSL function
epi_reg that corresponds to the node epireg. In this instance of our workflow,
we must introduce the mask of a reference magnitude image of one of the TE.
This mask was obtained with the function BET of FSL available in nipype
that corresponds to the node mask_bet_b01. Also, they will enter in the node
epireg the field map obtained in the distortion correction resulting in the image
resulting from the node f ugue, the structural image T1 and its mask both with
the orientation of the EPI image after passing through the node reorient.
Finally, a time average of the EPI image will be entered in this node, that
is, an average of its time series composed by all the volumes obtained in the
acquisition. This image is obtained with the mean function of FSL and corresponds to the mean node.
In practical terms, registering refers to the alignment and superposition of the
fMRI data of a single subject with that subject’s own anatomical imaging study,
but acquired separately. Therefore, the way to verify that it was applied correctly is to observe whether the brain boundaries match perfectly with respect
to the structural image of the same patient from whom the EPI image was obtained.
A good approach to making such a comparison is to observe the segmentation of white matter over the patient’s structural image since the method is
based on the limits of white matter and the fact that reliable changes in intensity are expected to be seen across this limit in functional MRI, while the outer
limits of gray matter tend to be less reliable. If the limits of the white substance
coincide, it means that both the recording and the correction of movement and
other artifacts were performed correctly.
The epi_reg function is built and optimized specifically for fMRI images, which
means it looks for artifacts and brain boundaries as it runs. The EPI register is
a fundamental instance of our project because it uses all the information coming from the input images to correct the distortions of the EPI image obtained
in the first instance in the fRMI study and register them in the plane of the
structural image.
Figure 13 shows the results obtained. Two different visualizations can be seen of
the same structural image that corresponds to the subject with whom the work
was started (patient with cognitive impairment). The image of the segmentation of the white substance obtained in the EPI register (red image overlaid on
the structural image) shows that the preprocessing steps applied until now are
correct and assures us that we are going to work with the real information of
the patient. Also, a series of steps are necessary to visualize the data of the
BOLD signal of our patient, which are detailed in the following paragraphs.
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Figure 13: Structural image and EPI image registration (red)
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4.1.6

EPI image normalization

Normalization is similar to registration in terms of alignment, but this also
deforms the data obtained in fMRI. For this reason, normalization is a more
complicated process than the previous one because data from multiple subjects
must be aligned and it is necessary to perform considerable image deformations
to achieve different brain shapes in a reference space. This is a necessary step
to be able to compare the information of the brain activity of the hundreds of
subjects that are part of the study in the same space, common to all acquisitions. (Friston et al., 1995)
From the function epi_reg a transformation matrix is obtained that indicates
the spatial location of our EPI register and through the function f lirt of FSL
present in the node f lt_t1 we can obtain the spatial transformation matrix of
the structural image T1. The two transformation matrices are concatenated
using the FSL ConvertXF M function present in the concat node resulting in
another transformation matrix which will be applied to the EPI image obtained
after the realigner node using the template MNI_152_T1_2mm as reference.
In this way we now have our EPI image in the MNI plane with all the corrections previously obtained after applying the epi_reg function.
This is an important step because it standardizes our analysis plane and although it is a complex step that to analyze a single subject is not important,
it is necessary to apply it to each subject so that it is then possible to compare
their individual information with the other patients who are part of the study.
Figure 15 shows what was mentioned in previous paragraphs, we can see the
result of applying the spatial transformation matrix obtained from the concatenation of the spatial transformation matrix of T1 and the spatial transformation
matrix obtained after registration with the function epi_reg using the template
MNI_152_T1_2mm as reference. The final transformation obtained in the
concat node is applied to the EPI image to which the temporal-spatial motion
corrections have been applied with the FSL applywarp function. It’s a step you
take because all brains are different. The brain size of two people can differ in
size by up to 30%. (Lindquist, 2019)
The final image obtained shows the same dimensions as the template, the same
size that will have the brain of all subjects, keeping the rest of the individual
differences.
Now that our patient’s brain is in a standard plane in which it can be compared with others, we will continue with the following steps necessary to obtain
the image that evidences the neuronal activity of the patient under study.
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Figure 14: From top to bottom: Template MNI_152_T1_2mm - EPI image EPI image in the MNI plane after applying corrections and transformations
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4.1.7

Spatial Smoothing

The next instance involves applying a spatial filter to remove the high frequency
information. This increases the signal-to-noise ratio and therefore eliminates
small-scale image changes. The cost of losing the smaller features is assumed
due to the benefit of signal gain for larger features since in most fMRI studies
activation’s are extended across many voxels. Another reason is that when data
are compared between individuals there may be some variability in the spatial location of functional regions that may not have been corrected by spatial
normalization of the EPI image. Thus, blurring in space can help reduce the
mismatch between individuals at the expense of spatial resolution. (Poldrack
et al., 2011)
A typical problem is how much smoothing is enough. The amount of smoothing of a Gaussian kernel is determined by the width of the distribution, and
is measured with the full width at half maximum (FWHM)
p which is related
to the standard deviation by the equation FWHM = 2σ 2ln(2). The higher
the FWHM, the greater the smoothing and it is usually recommended to use
a smooth kernel with a FWHM of double the voxel size. In our case, taking
into account the voxel size of our image, we apply a FWHM = 6 mm with the
function SpatialF ilter of FSL inside the node smoothing. (Poldrack et al.,
2011)
4.1.8

Detrend, Bandpass and Grand Mean Scaling

The Detrend and Bandpass functions of the AFNI software present in the
detrend and bandpass node respectively, will be used to eliminate the high
and very low frequencies present in the data. This is because low frequency
noise is always present in the fMRI data and it is important to take this into
account when planning the study. Thus our signal of interest, i.e. the BOLD
signal is in the range of 0.009 - 0.08 Hz so a bandpass filter will be needed
which it will be implemented with the AFNI 3dBandpass function. Then, the
function 3dDetrend of AFNI will be in charge of eliminating the trend induced
by the scanner’s overheating. The detrend node function is used to eliminate
voxel time series components by least squares treating each voxel independently.
(Meszlényi et al., 2017) (Mauricio, 2007)
Finally, FSL’s Grand Mean Scaling function is used to put all time series on a
common scale by normalizing the mean value of all voxels in space and time, in
our case to 100. An important analysis step in which the voxel values in each
image are divided by the global mean intensity of the whole series. This effectively eliminates any average global difference in intensity between time series.
This means that the BOLD signal and the axes of any graph used will be in
the same range facilitating the interpretation of the signal and the evaluation
of the changes that the signal presents in time. (Andersson, 2007)

24

Figure 15: From top to bottom: Bandpass - Detrend - Grand Mean Scaling
Images
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Figure 16 shows the result obtained after applying the above mentioned functions to the EPI image in the MNI plane shown in Figure 15 section 4.2.7. It is
evident the effect of applying the function bandpass and although in the resulting image after applying detrend it does not present visually significant changes
with respect to the previous one it serves as a reference the value of temporal
series in the voxel indicated by the intersection of lines (green) which after the
function GrandM eanScaling is applied changes its average value to 100 as it
was expected to happen. The importance of these steps is reiterated because
they allow us to eliminate unwanted values from our signal of interest in order
to obtain the true signal of neuronal activity of our patient under study.
4.1.9

The importance of applying Atropos function

The atropos function of ANTs, which we use in a node of our workflow, allows
the segmentation of finite mix models giving the possibility of specifying prior
restrictions. This restriction implies the specification of an image with a previous label to segment the region of interest. Normally, and as in our case, 3
labels are used, one for white matter, another for gray matter and finally, the
last label is for the cerebrospinal liquid.
We will start by explaining all the entries this function needs. The first entry is the mask of the structural image T1 in the MNI plane. Secondly, images
with prior information for the different tissues (spatial probability maps), a
template for the white substance, another for the grey substance and a third
and last one for the cerebrospinal fluid. These priors are specified as previous
information from which the atropos function uses as a reference.
Its importance is in the information that it returns. After executing it, at
the exit of the function atropos we will obtain the segmentation of the different
regions of the brain of the patient that is being analyzed and delineated with
precision the white matter, the gray matter and the cerebrospinal fluid (and its
subdivisions). (Avants et al., 2009)
Then, with the white substance, the cerebrospinal fluid and the grey substance perfectly identified in our patient’s brain, we select, among the results
obtained, only the segmentation of the white substance and the cerebrospinal
fluid with the select function of Nipype in the nodes select_posterior1 and
select_posterior2.
The selected segmentation are then prepared for their final application where
they will be used as masks. For this, it is necessary its binarization in the nodes
posterior1_bin and posterior2_bin with the function ImageM aths of FSL. It
is necessary that they are in the corresponding MNI plane like the rest of the
images in this point so the corresponding transformation is applied to them in
the nodes aw_f ill1 and aw_f ill2 with the applywarp function of FSL present
in Nipype.
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With FSL’s ApplyM ask function we will use the results obtained until here.
That is, the output of the gms node will be used as input, which will be the
image to which the mask is applied. The masks will be the segmentation of the
white substance and the cerebrospinal fluid by means of atropos and the mask
obtained from the MNI template in the node btrmni using the function of FSL
BET , of the whole brain. In this way we can identify each of the regions of
interest, cerebrospinal fluid, white matter and by default, including the whole
brain, gray matter.
Once all the images of interest have been obtained, FSL’s ImageM eants function is used to obtain a time average of the images obtained at the output
of amask_wm, amask_csf , amask_whole. Then, from the nodes meants1,
meants2 and meants3 we obtain a text file containing a vector with the information of applying the temporal mean. This vector expresses the mean value
of each one of the 3D volumes, in time.
In the first processing steps, we used the node realigner whose function is
to correct the movement and not only delivers the corrected image but also a
text file with the information of the new alignment. Then, using the AFNI cat
function, these vectors of a single column and as many rows as volumes contained in our time series will be grouped together to form our design matrix for
the GeneralLinearM odel which will be explained in the next section.
Finally, atropos becomes an essential function in our pipeline because it allows to segment and delimit in a very precise way the gray substance, the white
substance and the cerebrospinal fluid of the image of the patient’s brain that is
being analyzed. Then, after identifying the segments of interest we will be able
to recognize that it belongs to the whole and that it escapes from it, information
that will be of great importance in the identification of the signal of neuronal
activity.
4.1.10

General Linear Model

In R-fMRI there is no expected BOLD signal because there is no specific task
or design of the experiment. However, a linear regression is performed to remove the variability associated with some variables. In our case we fitted a
linear model per voxel with its time course as the dependent variable and the 6
motion parameters (obtained from the motion correction step), mean csf, white
matter and global signal as independent variables. Then, to remove the variability of these components, we assign the residuals of this model as the voxel’s
new time course. Then, the last node of the preprocessing pipeline called glm
in the workflow will be used with the FSL’s function GLM.
Figure 16 shows the structural model for GLM, meaning that the Y response
in each voxel is modeled as a linear combination of predictors, stored in the
columns of a design matrix X times β (FSL, 2019), that in this case was obtained with the function cat of AFNI as mentioned above, plus the additional
error, or residuals.
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Figure 16: Structural model for GLM
Figure 17 shows the result obtained in this step using the X-rain [Brain colour]
scale of FSLeyes, in a randomly chosen volume in the time series (this patient
has 240 volumes that conform the series). The scale determines that the zones
of greater activation will be of vivid colors, that is, those that are to greater
distance of the scale of greys (red, yellow, etc.) whereas, the zones of smaller
activation will be those that are closer to the scale of greys (black, blue, etc.).

Figure 17: Output General Linear Model
Likewise, a visual analysis of Figure 17 would be insufficient for the purposes of
this project because the correlation between the different regions is not represented and also, it would be completely subjective depending to a great extent
on the observer if we wanted to compare different subjects.
For this reason, this is where the preprocessing stage ends, that is, all the
instances necessary to finally obtain information that can be quantitative and
compared. It is important to emphasize that these steps of image preparation
are indispensable for the analysis and that one instance needs the other in order
for the information it provides to be valuable.
In the next section, what is called processing for R-fMRI is carried out (Smith,
2004), where correlation between regions (or functional connectivity) will be
computed and this correlations will be compared across two groups in order to
be able to obtain quantitative conclusions of a medical character.
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4.1.11

Processing stage

Once the image of BOLD signal of the patient under study is obtained, as mentioned above, it is not sufficient to perform a quantitative analysis. This is due
to the fact that although it is possible to determine which regions are active or
inactive, it would not be possible to objectively determine the degree of correlation between regions. Therefore, it is necessary to obtain correlation matrices
to determine the degree of correlation between a patient’s brain regions and to
compare groups with different characteristics.
Therefore, since the objective is to obtain the degree of correlation between
regions, it is first necessary to identify them. For this, the use of techniques
such as machine learning and clustering for pattern recognition result a very
good option. Measuring correlations between brain regions using BOLD fMRI
has proven to be a powerful tool for studying the functional organization of the
brain. (Laumann et al., 2016)
After researching the bibliography in search of a tool that adapts to the initial
requirements of software (open source software and compatible with python) and
also offers the possibility of classifying regions, it was found that the N ilearn
library is the right one according to the requirements in all instances of the
project (Abraham et al., 2014). Nilearn facilitates the use of many advanced
automatic learning techniques, pattern recognition and multivariate statistical
techniques in neuroimaging data for applications such as MVPA (Mutli-Voxel
Pattern Analysis). (Nilearn, 2019)
Also, it will be necessary to use other libraries to work efficiently with matrices
and vectors. This is why the N umP y library will be used since it provides the
ndarray type of data to python, an efficient n-dimensional data representation
for numerical calculation based on matrices. (Van Der Walt et al., 2011)
It will also be necessary to use the matplotlib library which consists of a plotting tool perfectly integrated in Python (Hunter, 2007). Finally, the N ibabel
library will be used to access the data in neuroimage file formats (Abraham et
al., 2014). Figure 18 shows the workflow that will be necessary to develop in
order to obtain the desired results.
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Figure 18: Workflow for processing stage
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As it can be seen, the final image obtained in the GLM node containing the
image of BOLD signal of the patient (Figure 17, section 4.2.10) will be used
as input in the workflow for the processing stage. In addition, an atlas will be
used as an entry to be used as a reference in our pipeline in order to identify
and segment the regions of interest.
The input images will be loaded into the pipeline using the Nibabel library
and then, using Nilearn’s N if tiLabelsM asker function, the different brain regions will be segmented. The next necessary step is to extract the signal of
interest from the regions that were segmented in the previous step.
The signal of regions of interest will be extracted with Nilearn’s f it.transf orm
function, which converts data from Nifti-type images into time series. You can
use all the regions available in the atlas or, failing that, only those that are of
interest for the purposes of the study. In fact, in order to obtain time series that
capture well the functional interactions between regions, it is very important
to reduce the sources of noise (Varoquaux & Craddock, 2013). In this case,
only 11 regions have been selected to represent all the regions of interest for the
purposes of the study that the research group wants to carry out and which will
be explained in the following section as a practical case.
The next step is to calculate the correlation matrix between the selected regions to analyse the degree of correlation for each of the regions of interest.
Numpy’s corrcoef function was used for this and Seaborn’s heatmap function
was used to visualize the matrix. The choice of visualization is explained by the
fact that Seaborn is a Python data visualization library based on matplotlib. It
provides a high-level interface for drawing attractive and informative statistical
graphs. (Waskom et al., 2014)

Figure 19: Correlation matrix between regions of the same patient
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Figure 21 shows the correlation matrix between the regions of interest of the
same patient with whom one has been working throughout the work. The scale
to the right of the heatmap indicates that it is the correlation matrix r, if two
regions have positive correlation (r > 0), a light color is observed between row
and column while, if they have negative correlation (r < 0) a dark color will be
observed at the intersection of row and column.
If r = 0 the variables are said to be uncorrelated, no sense of covariation can be
established. If r = 1 it is called perfect positive correlation, which implies an
absolute determination between the two variables (in the direct sense). There
is a perfect linear relation (with positive slope), which makes sense after comparing a region with itself. (Lahura, 2003)
Thus, it is possible to determine that regions 9 and 0 have a high negative
correlation, that is, that the two variables are correlated in the opposite direction, so that the high values of one of them correspond to the low values of the
other and vice versa. On the other hand, it is possible to affirm that regions 9
and 8 have a high positive correlation. This implies that they are correlated in
a direct sense, that is, the high values of one correspond to the high values of
the other and equally with the low values.
As can be seen in Figure 21, the information obtained from the correlation
between regions can simply be represented by its triangular matrix, either lower
or upper, given the characteristics of the correlation matrix. The next step is
then to obtain the triangular matrix from the correlation matrix (Lay, 2007).
In addition, it is necessary to organize the triangular matrix obtained into a
vector. The vector obtained from the triangular matrix will be stored in a text
file whose numerical information indicates the degree of correlation between regions. This is achieved with the numpy.triu function in the Numpy library.
(Scipy, 2019)
In the practical case it is explained what happens then with this vector obtained and stored in a text file. This is because it is obtained for the sole
purpose of comparing the degree of correlation between the brain regions of
groups of patients. However, in this instance of the work it is possible to affirm
that the processing stage is finished for a single patient being able to determine
the degree of correlation between the regions under study through its correlation
matrix.
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5

Practical case

In the following section the implementation of what has been developed during the whole work is performing. The intention is to demonstrate what the
pipeline is for and what kind of results it is possible to obtain. Then, two groups
(with 59 patients in total) and different characteristics were analysed. The first
group is the control group (27 subjects) and the second group (32 subjects) is
composed of patients with mild cognitive impairment. From these, we will try
to reach conclusions.
The case study is the analysis of the Def ault M ode N etwork (DM N ). DMN
consists of an anatomically defined brain system that is activated preferably
when people are not focused on the external environment, i.e. without performing a particular activity but in a state of rest. The statistical interrelationship
of neurophysiological time series representing the functional connectivity in different regions of the brain is calculated, and interactions between these regions
are examined (Friston, 2005) (Menon, 2011). The DMN analysis will allow to
evaluate if there are differences in the cerebral activation and functional connectivity between both groups of patients analyzed. (Buckner et al., 2008)
So, the first was to provide reference maps that are a better current estimate of
the organization of the human cerebral cortex measured by functional connectivity for which an atlas was used. And as it is particularly wanted to analyze
the DMN, it is necessary to select the 11 regions that are part of DMN (see
Figure 20), in both groups of patients and, will be obtained with the software
developed in section 4.2.12 and the regions are:
• Region 0 = Left Middle Temporal Cortex
• Region 1 = Left Medial Prefrontal Cortex
• Region 2 = Left Temporoparietal Junction
• Region 3 = Left Precuneus
• Region 4 = Left Hippocampus
• Region 5 = Right Medial Prefrontal Cortex
• Region 6 = Right Orbitofrontal Cortex
• Region 7 = Right Precuneus
• Region 8 = Right Temporoparietal Junction
• Region 9 = Right Middle Temporal Cortex
• Region 10 = Right Hippocampus
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Figure 20: Network cortical parcellation (Thomas Yeo et al., 2011)
After obtaining the signal regions mentioned above from each of the patients
who make up both groups. Now, it is necessary to group these individual vectors in a matrix so that they can be compared as explained.
For the comparison, a linear model including group, age and gender as regressors, was used to analyze 55 pairs of regions. Then, a student’s t test was
performed on the group coefficient. This is equivalent to making the t student
but controlled by gender and age variables so that they do not mask the effect
(De Winter, 2013). This prevents differences between groups from being influenced by age and gender.
Also, in this case, the Bonferroni correction is used to correct for multiple
comparisons (Armstrong, 2014). Therefore, in order to be able to consider
a significant p-value, it must not be less than 0.05 but 0.05/number of comparisons (pairs of regions), for the case, 0.05/55. This is equivalent to the whole
experiment having a p<0.05. In addition, the null hypothesis was determined
and implies that there are no differences between regions of both groups.
Therefore, after analyzing the results obtained applying the above considerations, it was found that there are differences in connectivity between the control
group and the group with mild cognitive impairment. The difference is found in
regions 4-5, i.e. between the left hippocampus and the right-middle prefrontal
cortex. (See Figure 21)
On the other hand, after statistical calculation, the value of the statistic T
is negative (-3.61), as the value moves away from previous statistical considerations, it is possible to affirm that the null hypothesis is rejected. This indicates
that there is less connectivity between regions in the group with mild
cognitive impairment with respect to the control group.
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Figure 21: Right medial prefrontal cortex & Left hippocampus
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6

Result and discussion

During the development of the work, it was possible to implement a preprocessing and processing pipeline based on the available information, but with its own
design focus on the requirements and needs, especially based on a research study.
Thanks to the contribution of professionals from the Hospital General Universitario Gregorio Marañón, it was possible to select each of the individual
strengths of all the open source fMRI software available.
After implementation and testing, the visual inspection of the registered data
suggested that an accurate representation of the cortical surface was extracted
for each subject and that the structural and functional registration of the image
was successful.
In addition, at the end of the preprocessing pipeline the BOLD signal was obtained and, in the case of processing, the correlation matrix was also obtained,
which represents the degree of correlation between the different brain regions of
the subject.
It was possible to automate the pipeline in a single execution from the terminal or from an executable file. In addition, it allows to analyze as many
patients as necessary and the information is organized in folders so that the
medical professional can access the images easily and in a location predefined
by the user.
The pipeline obtained can be executed both in a cluster of computers and in a
personal computer without requiring hardware features that exceed the capacity
of a conventional computer with Linux operative system. In fact, it was made
in a standard PC with RAM 8G, 1TB hard disk and i5 processor.
Preprocessing in conjunction with processing takes approximately 50 minutes
to run, per patient, on a computer with the above features. This saves a lot of
time for the staff analysing the images because, in the past, the processing of
a subject could require an average of one working day for the same procedure
but, manually.
In addition, to use the different software individually, requires to know the
functioning of each one of them while, with the pipeline developed simply by
double clicking or running from the Linux terminal is enough.
On the other hand, the fact of defining the particular functions of each software
and in each case, allows the standardization. In other words, without modifying
any characteristics, all patients can be analyzed in the same way. However, if
for some reason it is necessary to replace one of them with another, it is a very
simple procedure in which only that specific function of the source code needs
to be replaced (see Annex C).
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These are benefits that not only alleviate the workload but are also reflected
from an economic point of view in the value of man-hours. Moreover, from the
point of view of a research project, it allows results to be obtained in a short
period of time. Which, considering the time, for the purposes of results and
publications, the research time and the capital needed for project expenditures
are positively decreased.
Also, the images obtained in both the preprocessing and processing phases can
be able to be observed in any freely accessible viewer. It is important to point
out that the image processing software fMRI is currently in use, which allowed
its use to analyze patients who are part of the study for which it was developed.
After analyzing a sample composed of one group of healthy controls and other
of subjects with mild cognitive impairment (59 patients in total), it was found
that there are differences in connectivity between the control group and the
group with mild cognitive impairment. The difference is found in regions 4-5,
that is, between the left hippocampus and the right medial prefrontal cortex.
The 59 patients were analyzed in a very short period of time (approx. 3 days)
because, using the traditional form, with the same software features, would take
significantly more time.
For the purposes of this work, it is an important result because it demonstrates
that everything developed around preprocessing and processing works. In addition to work, it demonstrates that it is possible to couple the total pipeline
with other functions thanks to the flexibility offered by the use of the Python
language. In fact, in order to achieve the results mentioned above, it was necessary to develop another software stage in which the statistical tests explained
in section 5 are performed.
Besides, it is a complete and comprehensive project. From the point of view of
engineering development, it involves concepts such as the field of mathematics,
statistics, physics, programming, medical imaging, machine learning and an exhaustive but very necessary research to incorporate all the concepts that were
necessary at each stage.
Finally, from the point of view of teamwork and multidisciplinary work, it is
considered that once again the synergy of the integration of skills from different
professions for the purposes of research and the development of improvements
that ensure the welfare of the patient provide results that imply a general benefit, where the scientific contribution allows a new step in the arduous and fascinating way of understanding the functioning and how to treat, those pathologies
that affect to the people.
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Annexes
A

Ethical, social and economical aspects

Dementia is a syndrome that affects memory, alters behavior, and compromises
a person’s ability to be self-sufficient. 50 million people worldwide suffer from
dementia and almost 10 million new cases occur each year. (Prince et al., 2013)
Cardiovascular disease is also known to be the number one cause of death worldwide. An estimated 17.9 million people died from cardiovascular disease in 2016,
accounting for 31% of all deaths worldwide. Of these deaths, 85% are due to
heart attacks and strokes. People with cardiovascular disease or who are at high
cardiovascular risk need prevention and early treatment through counselling and
medication, as appropriate. (Health, 2017)
Dementia and cardiovascular disease are related. Traditional cardiovascular
risk factors increase the risk of cognitive dysfunction and there is an association
between cardiovascular disease and dementia, not only vascular dementia but
also Alzheimer’s disease. (Ruan et al., 2018)
Globally, the numbers show that work must be done to understand and prevent the appearance of these diseases in order to ensure people’s quality of life.
Because when a person gets sick, his life becomes disorganized. And healing
means reorganizing a life. The aspects that intervene in the life of a sick person
become more and more complex: maintain a job, an income, the family, social
relations, etc. A person needs to take care of all this complexity in order to
achieve his well-being. (Galende, 2015)
On the other hand, it is important to emphasize that technological advances
in health (and in general) must be for the care and protection of the person.
With a holistic approach that includes health care and the care of the patient’s
medical history, with a strong focus on considering that technological progress
must be at the service of society as a whole with a clear and inclusive vision.
(Gallach, 2019)
The possibility of obtaining accurate diagnoses in a short period of time with
tools that automate processes that unnecessarily consume too much time, not
only implies an improvement or benefit in disease prevention but also has a very
strong economic impact that is reflected in the reduction of the technological
cost that must be absorbed by the patient to have access to it.
This demonstrates that investigating how cardiovascular disease and dementia
are related has a high impact on all aspects of an individual’s life or environment. The development of new technologies and multidisciplinary work focused
on prevention and treatment is essential to meet the current and future needs
of today’s society.
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B

Economic budget and Organization of tasks

This annex details the general costs of the project carried out (see Figure 22).
The project costs were financed by the H2H project. On the other hand, the
Figure 23 shows how the tasks were organized for the execution of the project.

Figure 22: Economic budget
During 5 months the project was developed, which in the first instance began
with the research stage. The first step was to begin to organize the bibliography,
study it, try to understand the concepts and generate a strategy to achieve its
execution in the time of delivery of this work. Once this was done, we began
with the implementation of the pipeline which can be divided into two stages,
preprocessing and processing.
In turn, the preprocessing stage was divided into two parts. The first one,
to obtain the field map with the necessary corrections and then the rest of the
actions that prepare the images for processing. Finally, the processing and the
consequent analysis of groups was carried out.

Figure 23: Organization of tasks
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C

Script of preprocessing and processing pipeline
for fMRI

This annex incorporates the code developed throughout the different stages involved in the work.
Scrip of Workflow fMRI
#Import Modules
from Preprocessing import execute_preprocessing
from Processing import execute_processing
import json
Define the path & the directory for all the subjects
path = os.path.dirname(os.path.realpath(’__file__’))
with open(path + "/config.json") as config_file:
config = json.load(config_file)
for subject in [folder.path + for folder in os.scandir(config[’directory’]) if folder.is_dir()]:
execute_preprocessing(subject)
execute_processing(subject)
Script of Preprocessing function
# Import Modules
from nipype.interfaces.fsl.maths import SpatialFilter
from nipype.interfaces.nipy import SpaceTimeRealigner
from nipype.interfaces.freesurfer import MRIConvert
from nipype.interfaces.fsl.preprocess import FUGUE
from nipype.interfaces.ants import ApplyTransforms
from nipype.interfaces.fsl.maths import ErodeImage
from nipype.pipeline.engine import Workflow, Node
from nipype.interfaces.fsl import MultiImageMaths
from nipype.interfaces.fsl.maths import MeanImage
from nipype.interfaces.ants import Registration
from nipype.interfaces.fsl import ImageMeants
from nipype.interfaces.image import Reorient
from nipype.interfaces.fsl import ExtractROI
from nipype.interfaces.fsl import ImageMaths
from nipype.interfaces.fsl import ApplyMask
from nipype.interfaces.ants import Atropos
from nipype.interfaces.fsl import EpiReg
from nipype.interfaces import afni
from nipype.interfaces import fsl
from os.path import join as opj
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def execute_preprocessing(subject):
# Apply 3dDespike to resting image
despike = Node(afni.Despike(in_file=subject + ’resting.nii.gz’,
outputtype="NIFTI_GZ"),
name=’despike’)
# Motion Correction - Run spatial and temporal realignment
realigner = Node(SpaceTimeRealigner(tr=2,
slice_times=’ascending’,
slice_info=2),
name=’realigner’)
# Apply MeanImage to obtain the mean of resting_despike
mean = Node(MeanImage(),
name=’mean’)
# Extract ROI of interest in both field’s phase (B0 & B1)
extract_phase1 = Node(ExtractROI(in_file=subject + ’B0_I.nii.gz’,
roi_file=’B0_I_phase.nii.gz’,
t_min=3,
t_size=1),
name=’extract_phase1’)
extract_phase2 = Node(ExtractROI(in_file=subject + ’B0_II.nii.gz’,
roi_file=’B0_II_phase.nii.gz’,
t_min=3,
t_size=1),
name=’extract_phase2’)
# Multiply ROI to change to radians/seg
phase1_rads = Node(ImageMaths(
op_string="-mul 3.14159 -div 2047",
out_file="B0_I_phase_rads.nii.gz"),
name=’phase1_rads’)
phase2_rads = Node(ImageMaths(
op_string="-mul 3.14159 -div 2047",
out_file="B0_II_phase_rads.nii.gz"),
name=’phase2_rads’)
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# Extract ROI of interest in both field’s magnitude (B0 & B1)
extract_magnitude1 = Node(ExtractROI(in_file=subject + ’B0_I.nii.gz’,
roi_file=’B0_I_mag.nii.gz’,
t_min=0,
t_size=1),
name=’extract_magnitude1’)
extract_magnitude2 = Node(ExtractROI(in_file=subject + ’B0_II.nii.gz’,
roi_file=’B0_II_mag.nii.gz’,
t_min=0,
t_size=1),
name=’extract_magnitude2’)
# Apply a mask to the field’s magnitude
mask_bet_b01 = Node(fsl.BET(frac=0.6,
out_file=’B0_I_mask.nii.gz’),
name=’mask_bet_b01’)
# Apply Erode to eliminate edges
erode = Node(ErodeImage(),
name=’erode’)
# Apply Prelude to obtain unwrapped images
prelude1 = Node(fsl.PRELUDE(output_type="NIFTI_GZ"),
name=’prelude1’)
prelude2 = Node(fsl.PRELUDE(output_type="NIFTI_GZ"),
name=’prelude2’)
# Calculate phase difference between the result of prelude1 and prelude2
diff_phase = Node(MultiImageMaths(op_string="-sub % s
-div 2.47 -mul 1000"),
name=’diff_phase’)
# Perform the Field Map acquisition
fugue = Node(FUGUE(despike_2dfilter=True,
smooth3d=6,
save_fmap=True,
output_type="NIFTI_GZ"),
name=’fugue’)
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# Apply MRIConvert to obtain file NIFTI
mcmask = Node(MRIConvert(in_file=subject + ’brainmask.mgz’,
out_file=subject +
’/preprocessing/mcmask/T1_brainmask.nii.gz’,
out_type=’niigz’),
name=’mcmask’)
mct1 = Node(MRIConvert(in_file=subject + ’T1.mgz’,
out_file=subject + ’/preprocessing/mct1/T1.nii.gz’,
out_type=’niigz’),
name=’mct1’)
# To correct the orientation of T1 and T1 brain mask
reorient1 = Node(Reorient(orientation=’LPI’),
name=’reorient1’)
reorient2 = Node(Reorient(orientation=’LPI’),
name=’reorient2’)
# We use EpiReg to align the field map and resting with T1
epireg = Node(EpiReg(echospacing=0.00047,
pedir=’-y’,
out_base=’epi2struct’,
output_type=’NIFTI_GZ’),
name=’epireg’)
flt_t1 = Node(fsl.FLIRT(reference=’MNI152_T1_2mm.nii.gz’,
dof=12,
output_type="NIFTI_GZ"),
name=’flt_t1’)
# To concatenate the transforms
concat = Node(fsl.ConvertXFM(in_file=subject + ’/preprocessing/epireg/epi2struct.mat’,
in_file2=subject + ’/preprocessing/reorient1/T1_lpi_flirt.mat’,
concat_xfm=True,
out_file=subject + ’/preprocessing/concat/MTX.mat’),
name=’concat’)
# To apply the transforms
applywarp = Node(fsl.ApplyWarp(ref_file=’MNI152_T1_2mm.nii.gz’),
name=’applywarp’)
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# To apply Smoothing
spatial_smooth = Node(SpatialFilter(operation="mean",
kernel_shape="gauss",
kernel_size=6),
name=’spatial_smooth’)
# To apply Bandpass filter
bandpass = Node(afni.Bandpass(highpass=0.009,
lowpass=0.08,
out_file=subject + ’/preprocessing/bandpass/resting_bandpass.nii.gz’),
name=’bandpass’)
# To apply Detrend function
detrend = Node(afni.Detrend(args=’-polort 2’,
outputtype=’NIFTI_GZ’),
name=’detrend’)
# To apply Gran Mean Scaling
gms = Node(ImageMaths(op_string="-ing 100",
out_file="/preprocessing/GMS/resting_GMS.nii.gz"),
name=’gms’)
# To use Coregistration function
coregistration = Node(Registration(
moving_image=’T_template0_BrainCerebellum.nii.gz’,
output_transform_prefix="transform_T_to_T1",
transforms=[’Affine’],
transform_parameters=[(0.1,), (0.1,)],
number_of_iterations=[[100, 100]] * 3,
dimension=3,
metric=[’Mattes’] * 2,
metric_weight=[1] * 2,
radius_or_number_of_bins=[32] * 2,
sampling_strategy=[’Regular’] * 2,
sampling_percentage=[0.3] * 2,
convergence_threshold=[1.e-8] * 2,
convergence_window_size=[20] * 2,
smoothing_sigmas=[[4, 2]] * 2,
sigma_units=[’vox’] * 3,
shrink_factors=[[6, 4]] + [[3, 2]],
use_estimate_learning_rate_once=[True] * 2,
use_histogram_matching=[False] * 2,
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initial_moving_transform_com=True),
name=’coregistration’)
# To prepare the Priors for Atropos function
at1 = Node(ApplyTransforms(input_image=’priors1.nii.gz’,
transforms=[subject + ’ /coregistration/transform_T_to_T10GenericAffine.mat’,
subject + ’ /coregistration/transform_T_to_T1_Warped.nii.gz’],
output_image="priors1_to_brainmask.nii.gz"),
name=’at1’)
at2 = Node(ApplyTransforms(input_image=’priors2.nii.gz’,
transforms=[subject + ’ /coregistration/transform_T_to_T10GenericAffine.mat’,
subject + ’ /coregistration/transform_T_to_T1_Warped.nii.gz’],
output_image="priors2_to_brainmask.nii.gz"),
name=’at2’)
at3 = Node(ApplyTransforms(input_image=’priors3.nii.gz’,
transforms=[subject + ’ /coregistration/transform_T_to_T10GenericAffine.mat’,
subject + ’ /coregistration/transform_T_to_T1_Warped.nii.gz’],
output_image="priors3_to_brainmask.nii.gz"),
name=’at3’)
# Atropos function
atropos = Node(Atropos(dimension=3,
initialization=’PriorProbabilityImages’,
prior_probability_images=[’priors1_to_brainmask.nii.gz’, priors2_to_brainmask.nii.gz’,
’/preprocessing/at3/priors3_to_brainmask.nii.gz’],
number_of_tissue_classes=3,
prior_weighting=0.25,
prior_probability_threshold=0.0000001,
likelihood_model=’Gaussian’,
mrf_smoothing_factor=0.2,
mrf_radius=[1, 1, 1],
posterior_formulation=’Socrates’,
save_posteriors=True),
name=’atropos’)
# To prepare mask image for GLM function
amask_cfs = Node(ApplyMask(out_file="resting_cfs_mask.nii.gz"),
name=’amask_cfs’)
amask_wm = Node(ApplyMask(out_file="resting_wm_mask.nii.gz"),
name=’amask_wm’)
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amask_whole = Node(ApplyMask(out_file="resting_mask.nii.gz"),
name=’amask_whole’)
# Calculate the mean of the before functions
meants1 = Node(ImageMeants(),
name=’meants1’)
meants2 = Node(ImageMeants(),
name=’meants2’)
meants3 = Node(ImageMeants(),
name=’meants3’)
# To concatenate all the results and to create the Design Matrix
cat = Node(afni.Cat(in_files=[subject + ’/resting_despike.nii.gz.par’,
subject + ’/preprocessing/meants1/resting_cfs_mask_ts.txt’,
subject + ’/resting_wm_mask_ts.txt’, subject + ’/meants3/resting_mask_ts.txt’],
out_file=’design.1D’),
name=’cat’)
# General Linear Model
glm = Node(fsl.GLM(out_res_name=’neural_activity_signal.nii.gz’,
output_type=’NIFTI_GZ’),
name=’glm’)
# Create a workflow to connect all nodes
preprocessing = Workflow(name=’preprocessing’)
preprocessing.base_dir = opj(subject)
# Connect all components of the preprocessing workflow
preprocessing.connect([(
extract_phase1, phase1_rads, [(’roi_file’, ’in_file’)]),
(extract_phase2, phase2_rads, [(’roi_file’, ’in_file’)]),
(extract_magnitude1, mask_bet_b01, [(’roi_file’, ’in_file’)]),
(extract_magnitude1, prelude1, [(’roi_file’, ’magnitude_file’)]),
(phase1_rads, prelude1, [(’out_file’, ’phase_file’)]),
extract_magnitude2, prelude2, [(’roi_file’, ’magnitude_file’)]),
(mask_bet_b01, erode, [(’out_file’, ’in_file’)]),
(phase2_rads, prelude2, [(’out_file’, ’phase_file’)]),
(prelude1, diff_phase, [(’unwrapped_phase_file’, ’in_file’)]),
(prelude2, diff_phase, [(’unwrapped_phase_file’,’operand_files’)]),
(diff_phase, fugue, [(’out_file’, ’fmap_in_file’)]),
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(despike, realigner, [(’out_file’, ’in_file’)]),
(realigner, mean, [(’out_file’, ’in_file’)]),
(mean, epireg, [(’out_file’, ’epi’)]),
(mct1, reorient1, [(’out_file’, ’in_file’)]),
(reorient1, epireg, [(’out_file’, ’t1_head’)]),
(mcmask, reorient2, [(’out_file’, ’in_file’)]),
(reorient2, epireg, [(’out_file’, ’t1_brain’)]),
(fugue, epireg, [(’fmap_out_file’, ’fmap’)]),
(extract_magnitude1, epireg, [(’roi_file’, ’fmapmag’)]),
(erode, epireg, [(’out_file’, ’fmapmagbrain’)]),
(reorient1, flt_t1, [(’out_file’, ’in_file’)]),
(realigner, applywarp, [(’out_file’, ’in_file’)]),
(concat, applywarp, [(’out_file’, ’premat’)]),
(applywarp, spatial_smooth, [(’out_file’, ’in_file’)]),
(spatial_smooth, bandpass, [(’out_file’, ’in_file’)]),
(bandpass, detrend, [(’out_file’, ’in_file’)]),
(detrend, gms, [(’out_file’, ’in_file’)]),
(reorient2, coregistration, [(’out_file’, ’fixed_image’)]),
(reorient2, at1, [(’out_file’, ’reference_image’)]),
(reorient2, at2, [(’out_file’, ’reference_image’)]),
(reorient2, at3, [(’out_file’, ’reference_image’)]),
(reorient2, atropos, [(’out_file’, ’intensity_image’)]),
(reorient2, atropos, [(’out_file’, ’mask_image’)]),
(atropos, aw_fill1, [(’out_file’, ’in_file’)]),
(atropos, aw_fill2, [(’out_file’, ’in_file’)]),
(gms, amask_cfs, [(’out_file’, ’in_file’)]),
(aw_fill1, amask_cfs, [(’out_file’, ’mask_file’)]),
(gms, amask_wm, [(’out_file’, ’in_file’)]),
(aw_fill2, amask_cfs, [(’out_file’, ’mask_file’)]),
(gms, amask_whole, [(’out_file’, ’in_file’)]),
(aw_fill3, amask_cfs, [(’out_file’, ’mask_file’)]),
(amask_cfs, meants1, [(’out_file’, ’in_file’)]),
(amask_wm, meants2, [(’out_file’, ’in_file’)]),
(amask_whole, meants3, [(’out_file’, ’in_file’)]),
(gms, glm, [(’out_file’, ’in_file’)]),
(cat, glm, [(’out_file’, ’design’)]),
])
# Run the workflow
preprocessing.run()
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Script of Processing function
# Import Libraries
import nibabel as nib
import numpy as np
import seaborn as sns
from nilearn.input_data import NiftiLabelsMasker
def execute_processing(subject):
# Charge atlas & neural activity signal image - NIfTI format
atlas = nib.load(subject + ’yeoh7networks_sep+2mm.nii.gz’)
image = nib.load(subject + ’neural_activity_signal.nii.gz’)
# Prepare the atlas masker
masker = NiftiLabelsMasker(labels_img=atlas, memory=’nilearn_cache’)
# Extract the signal from the regions of the atlas
all_reg_signals = masker.fit_transform (image)
# Indexes of labels of interest
ind = np.asarray ([1015, 1016, 1017, 1018, 1019, 2012, 2013, 2014, 2015,
2016, 2017])
reg_signals = all_reg_signals [:, ind]
reg_signals = reg_signals.transpose ()
# Correlation matrix calculation
r = np.corrcoef (reg_signals)
# View correlation matrix
sns.heatmap(r)
# Obtaining triangular matrix and vectorization
r1 = r [np.triu(r, 1) != 0]
# Generate text file
np.savetxt (subject + ’connectivity.txt’, r1)
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