
THE UNIVERSITY OF CHICAGO

CROSS-SPECIES MAPPING OF FUNCTIONAL CONNECTIVITY ALTERATIONS

AND THERAPEUTIC RESPONSES IN HYPER-ACUTE ISCHEMIC STROKE

A DISSERTATION SUBMITTED TO

THE FACULTY OF THE DIVISION OF THE BIOLOGICAL SCIENCES

AND THE PRITZKER SCHOOL OF MEDICINE

IN CANDIDACY FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY

COMMITTEE ON MEDICAL PHYSICS

BY

CHISONDI SIMBA WARIOBA

CHICAGO, ILLINOIS

JUNE 2025



© 2025 by Chisondi Simba Warioba



Abstract

Since the advent of magnetic resonance imaging (MRI) in the 1970s, the field of medi-

cal imaging has witnessed remarkable progress, allowing unprecedented examination of both

structural and functional aspects of the human body. Among these developments, functional

MRI (fMRI) has emerged as a powerful modality for probing neural activity and deciphering

the intricate patterns of connectivity that underlie cognition, perception, and motor control.

Resting-state functional MRI (rsfMRI), in particular, provides a non-invasive means of ob-

serving the brain’s intrinsic functional organization without the need for explicit behavioral

tasks, making it especially valuable for investigating complex pathologies such as ischemic

stroke, where network-level disruptions can critically influence patient prognosis.

This thesis establishes and validates a rigorous cross-species functional connectivity map-

ping framework designed to enhance the translational relevance of preclinical stroke models

for clinical neuroscience. Focusing on canine models of acute ischemic stroke, it leverages

advanced MRI acquisition protocols, comprehensive preprocessing pipelines, and sophisti-

cated computational methods—including manifold alignment algorithms, nonlinear registra-

tion techniques, and graph-theoretic analyses—to characterize stroke-induced alterations in

large-scale brain networks. Critically, this research evaluates how novel hemodynamic and

oxygenation-enhancing interventions, specifically NEH and Sanguinate, modulate these dis-

rupted networks. By quantitatively assessing network reorganization and functional recovery

patterns in canines treated with these agents, the framework identifies conserved features of

connectivity that can be mapped onto human stroke data.

Building on this cross-species alignment, the thesis employs predictive modeling strate-

gies to infer potential therapeutic outcomes in human stroke patients. Machine learning tools
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are used to integrate animal-derived biomarkers, connectivity metrics, and inferred network

topologies into predictive models that estimate patient-specific responses to analogous inter-

ventions. This approach capitalizes on the biophysical parallels between canine and human

cerebrovascular systems, thereby reducing uncertainties associated with direct extrapolation

and improving the reliability of translational insights.

The outcomes of this research reinforce the notion that intrinsic network dynamics, cap-

tured via rsfMRI, offer crucial information about tissue viability, metabolic demands, and

the capacity for functional reorganization following ischemic injury. Moreover, by methodi-

cally bridging the gap between preclinical and clinical domains, the thesis demonstrates how

cross-species connectivity mapping can inform precision medicine approaches in stroke care.

Taken together, these findings not only advance fundamental knowledge of stroke-induced

network perturbations but also pave the way for more targeted, evidence-based clinical inter-

ventions and the refinement of therapeutic strategies aimed at improving patient outcomes

in neurological rehabilitation.
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Chapter 1 Motivation and Thesis

Outline

Over the past several decades, medical imaging techniques have evolved from rudimentary

scanning approaches into re�ned modalities capable of capturing both the structural and

functional complexity of the human brain [1]. Within this landscape,functional MRI

(fMRI) has emerged as a powerful tool, enabling researchers and clinicians to observe in-

tricate patterns of neural activity and connectivity that underpin cognition, perception, and

motor control [2]. Such capabilities are especially valuable when investigatingneurolog-

ical disorders , where disruptions in brain networks can shed light on underlying disease

mechanisms, inform prognoses, and guide the development of more e�ective therapeutic

interventions.

Ischemic stroke , a leading contributor to mortality and long-term disability worldwide,

highlights the importance of these network-level perspectives. Although current treatments

exist, they often reach only a fraction of patients, emphasizing the urgent need for novel

therapeutic approaches that broaden treatment windows or enhance overall outcomes [3].

In this context, resting-state functional MRI (rsfMRI) provides a powerful platform.

By capturing the brain's intrinsic functional organization without relying on explicit tasks,

rsfMRI allows researchers to assess large-scale network disruptions�a critical factor in un-

derstanding stroke pathophysiology and recovery potential [4, 5].

To advance beyond isolated �ndings and toward a translational framework, this thesis in-

tegrates rsfMRI approaches withcanine models , whose neurovascular and anatomical simi-

larities to humans o�er a more direct path for translating preclinical insights. Additionally, it
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explores emerging treatments such asNEH (norepinephrine and hydralazine) and San-

guinate , aiming to establish a robustcross-species connectivity mapping framework

that bridges preclinical results and human clinical applications. Ultimately, this approach

aspires to guide stroke research toward more personalized and impactful therapies.

1.1 Thesis Outline

The chapters that follow are organized to progress from foundational principles to practical

methodologies and, ultimately, clinical translation:

ˆ Chapter 2 - Introduction o�ers a comprehensive overview of rsfMRI-based func-

tional connectivity in the context of ischemic stroke, elaborates on the rationale for

employing canine models, and introduces the novel therapeutic agents (NEH and San-

guinate). It also consolidates the thesis objectives, research aims, and hypotheses to

provide a cohesive roadmap for the ensuing chapters.

ˆ Chapter 3 - Background delves into the technical and theoretical underpinnings of

MRI, fMRI, and rsfMRI, as well as the mathematical frameworks underpinning func-

tional connectivity analysis. It examines the principles governing the blood-oxygen-

level-dependent (BOLD) signal, the pathophysiology of ischemic stroke at molecular

and network scales, and existing cross-species mapping strategies, setting the stage for

the methodological developments that follow.

ˆ Chapter 4 - Development of a Cross-Species Connectivity Mapping Frame-

work details the experimental protocols, imaging parameters for canine models, pre-

processing pipelines, and computational methods employed to align and compare con-

nectivity patterns between canines and humans.

ˆ Chapter 5 - Results of Cross-Species Connectivity Mapping presents empirical

�ndings using the developed framework. It characterizes how ischemic stroke and
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subsequent interventions (NEH and Sanguinate) alter connectivity in canine models

and evaluates how these patterns relate to human data, thereby validating and re�ning

the cross-species approach.

ˆ Chapter 6 - Predictive Modeling of Human Stroke Outcomes leverages insights

derived from preclinical data and cross-species comparisons to build predictive models

for human stroke responses. By applying machine learning techniques, this chapter

explores how network-level characterizations can forecast therapeutic outcomes and

recovery trajectories, informing personalized treatment strategies.

ˆ Chapter 7 - Conclusions and Recommendations for Future Work synthesizes

the key contributions of this thesis, highlighting advances in cross-species mapping and

predictive modeling. It concludes by suggesting directions for future research, including

methodological re�nements and the exploration of additional therapeutic modalities.

In essence, this thesis aims to deepen our understanding of stroke-induced connectivity

alterations, establish a framework for cross-species translational research, and pave the way

for more e�ective, patient-tailored interventions in stroke care.
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Chapter 2 Introduction

This chapter provides the conceptual and contextual foundation for the research presented

in this thesis. It begins by o�ering a comprehensive overview ofresting-state functional

MRI (rsfMRI) and its signi�cance in understandingfunctional connectivity �particularly

in the context of ischemic stroke , where disruptions in brain networks critically impact

patient recovery and therapeutic e�ectiveness.

Next, the chapter explains the rationale for employingcanine models as a translational

bridge between preclinical studies and human applications. Canines, with their human-like

neurovascular architectures and functional connectivity patterns, present a unique oppor-

tunity to investigate the pathophysiological underpinnings of stroke at a systems level. A

thorough justi�cation for their use will be presented, coupled with a comparison to other

animal models and an assessment of their strengths and limitations.

Further, this chapter introduces the novel therapeutic interventions under investiga-

tion� NEH (norepinephrine and hydralazine) andSanguinate �which o�er the prospect

of improving blood �ow, oxygenation, and ultimately connectivity preservation post-stroke.

Their potential mechanisms, relevance to clinical scenarios, and current standing in preclin-

ical research will be delineated.

Bringing these elements together, the chapter then articulates thethesis objectives,

research aims, and hypotheses . By outlining these goals in detail here�rather than

distributing them across multiple chapters�this chapter serves as the primary reference

point for the motivations, questions, and anticipated contributions of the research. It sets

the stage for the technical background, methodological frameworks, and predictive modeling

strategies that will follow in subsequent chapters.
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2.1 Resting-State fMRI and its Importance in Stroke Research

Resting-state fMRI provides a non-invasive means of probing the brain's intrinsic activity.

Without the need for explicit tasks, rsfMRI can reveal temporally correlated �uctuations

in the Blood-Oxygen-Level-Dependent (BOLD) signal, thereby uncoveringresting-state

networks (RSNs) that represent fundamental organizational principles of the human brain

[6]. In stroke, these RSNs often exhibit disrupted connectivity, re�ecting underlying damage

and compensatory mechanisms at both local and global scales [4, 7].

Identifying and quantifying these connectivity alterations is crucial for understanding

stroke pathophysiology. Beyond assessing the extent of damage, rsfMRI-based connectivity

metrics can predict recovery potential, gauge the e�ectiveness of treatments, and guide

rehabilitation strategies. These capabilities position rsfMRI as an indispensable tool in

stroke research, enabling objective evaluations of interventions like NEH and Sanguinate

that aim to restore or enhance functional network integrity.

2.2 Rationale for Using Canine Models

Animal models are cornerstone tools in biomedical research, providing controlled platforms

for elucidating disease mechanisms and testing candidate therapies before moving into hu-

man trials. While rodent models are widely used due to accessibility and cost-e�ectiveness,

their lissencephalic brains and di�ering cerebrovascular dynamics limit their translational

relevance for complex conditions like stroke.

Canine models o�er several advantages in this context. Their brain size, degree of

gyrencephaly, and vascular anatomy more closely approximate human conditions [8]. This

anatomical and functional similarity facilitates the analysis of functional connectivity pat-

terns that bear greater resemblance to human RSNs (Figure 4.1). By examining how ischemic

insults and subsequent treatments modify these networks in canines, researchers gain insights
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more directly applicable to the human brain.

Moreover, because canines naturally possess a more human-like cortical complexity, their

post-stroke connectivity patterns and responses to interventions can yield richer datasets

for understanding network-level changes. This forms a stronger foundation for cross-species

mapping, enabling the development of algorithms and metrics that more accurately align

canine and human connectivity data.

2.3 Introduction to NEH and Sanguinate Therapies

Current stroke interventions, including thrombolysis and mechanical thrombectomy, remain

constrained by narrow therapeutic windows and patient eligibility criteria [3]. Emerging

treatments target alternative pathways, such as improved perfusion or enhanced oxygen de-

livery to vulnerable brain regions. In this vein,NEH (norepinephrine and hydralazine)

and Sanguinate have been proposed as novel strategies.

NEH therapy modulates systemic hemodynamics to preserve perfusion in ischemic terri-

tories, potentially stabilizing or restoring disrupted connectivity [9]. Sanguinate, an oxygen-

carrying solution, aims to enhance oxygen delivery beyond what standard reperfusion thera-

pies achieve, potentially mitigating the metabolic de�cits that compromise network integrity

[10].

Investigating these therapies in canine models via rsfMRI connectivity analyses o�ers a

clearer picture of their network-level impact. By quantifying how these interventions shift

the functional connectivity landscape�restoring certain RSNs, enhancing coupling between

critical nodes, or modifying global network topology�we can begin to understand their

mechanisms and therapeutic potential in a more targeted manner.
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2.4 Thesis Objectives, Research Aims, and Hypotheses

The overarching goal of this thesis is todevelop and validate a cross-species functional

connectivity mapping framework that enables robust translation of �ndings from canine

stroke models to human stroke conditions. Within this broad objective lie several intercon-

nected aims:

1. Characterize Functional Connectivity Alterations in Canine Models : Exam-

ine rsfMRI data from canine models pre- and post-occlusion to identify network-speci�c

changes in connectivity induced by ischemic stroke. Evaluate how NEH and Sanguinate

therapies in�uence these patterns, testing the hypothesis that such interventions can

di�erentially preserve or restore functional connectivity.

2. Develop a Cross-Species Mapping Framework : Establish computational and

mathematical strategies for aligning canine and human connectivity data. This in-

volves implementing advanced registration algorithms and similarity metrics that ac-

commodate anatomical and organizational di�erences. The hypothesis here is that

despite evolutionary divergences, fundamental aspects of network organization can be

reliably matched across species.

3. Build Predictive Models for Translational Insights : Leverage the cross-species

alignment to construct predictive models that infer potential human therapeutic re-

sponses based on canine data. The hypothesis is that the connectivity changes observed

in canine models following interventions can serve as predictive biomarkers for human

stroke patients, guiding treatment selection and informing prognostic assessments.

Together, these aims and hypotheses form a cohesive framework for advancing transla-

tional stroke research. By thoroughly characterizing connectivity disruptions, establishing

a cross-species bridge, and ultimately linking preclinical insights to clinical predictions, the
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thesis aspires to make meaningful contributions to the �eld of neuroimaging, stroke therapy,

and precision medicine.

Subsequent chapters will build upon this foundation. Chapter 3 provides the technical

and theoretical background needed for the connectivity analyses and cross-species mapping

methods, while Chapters 4 through 6 detail the methodologies, results, and predictive mod-

eling approaches. Finally, Chapter 7 consolidates these �ndings, o�ering re�ections on the

progress made and identifying promising directions for future investigations.
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Chapter 3 Background

This chapter provides the theoretical and mathematical foundation for understanding the

principles of magnetic resonance imaging (MRI), functional MRI (fMRI), and resting-state

functional MRI (rsfMRI). It begins by introducing the physics of MRI, including key con-

cepts such as nuclear spin, magnetic moment, Boltzmann distribution, Bloch equations, and

the dynamics of nuclear spins under an external magnetic �eld. The discussion transitions to

the mathematical basis for signal acquisition and reconstruction, followed by an exploration

of the Blood-Oxygen-Level-Dependent (BOLD) signal and the neurovascular mechanisms

that in�uence its generation. The chapter also introduces the principles of functional con-

nectivity analysis in both task-based and resting-state paradigms, with an emphasis on the

mathematical frameworks used to quantify connectivity. Finally, it explores the pathophys-

iology of ischemic stroke and outlines cross-species mapping frameworks, emphasizing their

relevance and challenges in translational neuroscience.

3.1 Physics and Mathematics of Magnetic Resonance Imaging

(MRI)

Magnetic Resonance Imaging (MRI) is a sophisticated and non-invasive imaging technique

that provides high-resolution images of the internal structures of the body. By exploiting

the intrinsic magnetic properties of atomic nuclei, particularly hydrogen protons abundant in

biological tissues, MRI enables detailed visualization without the use of ionizing radiation.

Understanding the fundamental principles of MRI requires an exploration of nuclear spin

dynamics, magnetic �eld interactions, signal generation and detection, spatial encoding, and

the mathematical frameworks that govern these phenomena.
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3.1.1 Basic Principles of MRI

At the core of MRI lies the manipulation of nuclear spins within an external magnetic �eld

and the detection of the resulting signals [11]. This process involves a complex interplay

between quantum mechanics and classical electromagnetism, allowing for the generation of

images based on the magnetic properties of di�erent tissues.

Nuclear Spin and Magnetic Moment

Atomic nuclei are composed of protons and neutrons, each possessing an intrinsic angular

momentum known asspin . This spin is a fundamental quantum mechanical property and

is quantized. In nuclei with an odd number of protons or neutrons, such as hydrogen (1H),

there is a net nuclear spin due to the unpaired nucleon [12, 11, 13].

Associated with the nuclear spinI is a magnetic moment � , which arises because the

spinning charged particle generates a tiny magnetic �eld, analogous to a small bar magnet.

The magnetic moment is given by:

� = 
 ~I ; (3.1)

where
 is the gyromagnetic ratio, a constant speci�c to each type of nucleus (for hydro-

gen, 
 � 42:58MHz T � 1), and ~ is the reduced Planck constant. In a macroscopic sample,

the individual magnetic moments are randomly oriented due to thermal motion, resulting in

no net magnetization at the macroscopic level.

Alignment in an External Magnetic Field

When a sample containing nuclei with spin is placed in a strong static external magnetic

�eld B 0, typically oriented along thez-axis, the magnetic moments experience a torque that

tends to align them with the �eld [11, 13]. Quantum mechanics dictates that the component
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of the nuclear spin along the direction of the magnetic �eld can only take on certain discrete

values, leading to quantized energy states. For spin-1
2 nuclei like hydrogen, there are two

possible energy states: a lower energy state where the magnetic moment is aligned withB 0

(parallel) and a higher energy state where it is opposed toB 0 (antiparallel).

The slight excess of nuclei in the lower energy state results in a net macroscopic magne-

tization vector M 0 aligned alongB 0 [11]. The population di�erence between the two energy

states is given by the Boltzmann distribution:

N"

N#
= e� E=kT ; (3.2)

whereN" and N# are the number of nuclei in the low and high energy states, respectively,

� E = ~! 0 is the energy di�erence between the states,k is Boltzmann's constant, andT

is the absolute temperature. The net magnetization is proportional to the strength of the

external magnetic �eld and inversely proportional to the temperature:

M0 =
N
 2~2B0

4kT
; (3.3)

where N is the number of spins per unit volume. This relationship underscores the

importance of strong magnetic �elds in achieving a detectable signal in MRI.

Larmor Precession and Resonance

The magnetic moments do not align perfectly withB 0 but instead precess around the direc-

tion of the magnetic �eld due to the torque exerted byB 0. This precessional motion occurs

at the Larmor frequency ! 0, given by:

! 0 = 
B 0: (3.4)

This frequency is speci�c to the type of nucleus and the strength of the magnetic �eld.
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For hydrogen nuclei in a 1.5 Tesla �eld,! 0 � 63:86MHz. The precession can be visualized

as the magnetic moments tracing out cones around the direction ofB 0.

Resonance is achieved when an external radiofrequency (RF) magnetic �eldB 1, oscil-

lating at the Larmor frequency, is applied perpendicular toB 0. This RF �eld can induce

transitions between the energy states of the nuclei, e�ectively tipping the net magnetization

vector M away from alignment with B 0 and into the transverse (xy) plane. The resonance

condition allows for e�cient energy transfer and is essential for manipulating the net mag-

netization [13].

RF Excitation and the Rotating Frame

To analyze the e�ects of the RF �eld on the magnetization vector, it is convenient to adopt

a rotating frame of reference that rotates at the Larmor frequency ! 0. In this frame,

the B 1 �eld appears stationary, simplifying the dynamics of the system. The magnetization

vector M precesses aroundB 1 at a frequency determined by the magnitude ofB 1.

The angle by whichM is tipped away from the z-axis, known as the�ip angle � , is

given by:

� = 
B 1�; (3.5)

where � is the duration of the RF pulse. By controlling the amplitude and duration

of the RF pulse, speci�c �ip angles can be achieved (e.g.,90� for maximum transverse

magnetization or180� for inversion of the magnetization).

Relaxation Processes

After the RF pulse is terminated, the magnetization vectorM begins to return to its equi-

librium state along B 0. This relaxation process involves two key mechanisms (Figure 3.1):
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longitudinal relaxation (spin-lattice relaxation) and transverse relaxation (spin-spin

relaxation).
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Figure 3.1: Illustration of relaxation processes in MRI (a)T1 Relaxation : The recovery of
longitudinal magnetization (Mz) following an RF pulse, characterized by the time constant
T1. Di�erent tissues exhibit distinct T1 values, contributing to image contrast. (b)T2 and
T �

2 Relaxation : The decay of transverse magnetization (Mxy ) due to spin-spin interactions
(T2) and magnetic �eld inhomogeneities (T �

2 ). The faster decay observed inT �
2 relaxation

highlights the additional e�ect of magnetic �eld inhomogeneities, which can be partially
corrected using spin echo techniques.

Longitudinal Relaxation ( T1 Relaxation) Longitudinal relaxation describes the recov-

ery of the magnetization component along thez-axis (Mz) back toward its equilibrium value

M0. This process occurs as the spins release energy to their surroundings, or lattice, allowing
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the system to return to thermal equilibrium. The recovery follows an exponential function:

Mz(t) = M0(1 � e� t=T1); (3.6)

whereT1 is the longitudinal relaxation time constant, characteristic of the tissue and its

molecular environment. Tissues with tightly bound water molecules, such as fat, tend to

have shorterT1 times, while those with more freely moving water, like cerebrospinal �uid,

have longerT1 times.

Transverse Relaxation ( T2 Relaxation) Transverse relaxation refers to the decay of the

magnetization component in the transverse plane (Mxy ) due to dephasing of the individual

spins. This dephasing arises from interactions between neighboring spins, leading to slight

variations in their precessional frequencies. The decay is exponential:

Mxy (t) = Mxy (0)e� t=T2; (3.7)

whereT2 is the transverse relaxation time constant. LikeT1, T2 varies among di�erent

tissues and contributes to image contrast in T2-weighted imaging.

Combined E�ects and T �
2 Relaxation In practice, the observed decay of transverse

magnetization is faster than predicted byT2 relaxation alone due to magnetic �eld inhomo-

geneities and susceptibility di�erences within tissues. This combined e�ect is characterized

by the time constant T �
2 :

1
T �

2
=

1
T2

+
1

Tinh
; (3.8)

where Tinh accounts for dephasing caused by inhomogeneities in the external magnetic

�eld B 0. Techniques such as spin echo sequences can refocus some of these dephasing e�ects,

isolating true T2 relaxation.
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Tissue Contrast and Relaxation Times

The di�erences in T1 and T2 relaxation times among various tissues (Figure 3.2) are fun-

damental to the contrast observed in MRI images. For example, fat has a relatively short

T1 and T2 due to e�cient energy exchange and restricted molecular motion, resulting in

bright signals on T1-weighted images. In contrast, �uids like cerebrospinal �uid have long

T1 and T2 times, appearing dark on T1-weighted images and bright on T2-weighted images

[12]. By adjusting imaging parameters such as repetition time (TR) and echo time (TE),

MRI can emphasize these di�erences to produce images with desired contrast characteristics.
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Figure 3.2: Time courses of magnetization recovery for T1 relaxation (top) and decay for
T2 relaxation (bottom) are shown for di�erent tissue types: fat, blood, and cerebrospinal
�uid (CSF). The T1 plot highlights the di�erences in longitudinal recovery, with fat show-
ing the fastest relaxation, followed by blood, and then CSF, due to variations in molecular
environments and energy exchange e�ciency. The T2 plot demonstrates the di�erences in
transverse decay rates, where CSF exhibits the slowest decay, indicating a longer T2 time,
while fat decays much more quickly. These distinctions in relaxation times are fundamental
for generating tissue contrast in MRI, with each tissue type contributing unique signal char-
acteristics based on its speci�c T1 and T2 relaxation properties.

3.1.2 MRI Hardware Components

The successful implementation of MRI relies on specialized hardware designed to generate

precise magnetic �elds, transmit and receive RF signals, and process the resulting data. The
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main components include the main magnet, gradient coils, and RF coils.

Main Magnet

The main magnet produces the strong, static magnetic �eldB 0 required to align the nuclear

spins. Most clinical MRI systems use superconducting magnets capable of generating �elds

ranging from 1.5 to 7 Tesla [12]. These magnets are cooled to extremely low temperatures

using liquid helium to maintain superconductivity, allowing for high �eld strengths with

excellent homogeneity across the imaging volume. Field uniformity is critical because vari-

ations in B 0 can lead to image distortions and artifacts. Shim coils and passive shimming

techniques are employed to �ne-tune the magnetic �eld and correct for inhomogeneities.

Gradient Coils

Gradient coils are essential for spatial encoding in MRI. They produce controlled, linear

variations in the magnetic �eld along the x, y, and z axes, superimposed on the main

magnetic �eld B 0. The gradients cause the Larmor frequency to become position-dependent:

! (r ) = 
 (B0 + Gxx + Gyy + Gzz); (3.9)

where Gx , Gy, and Gz are the gradient strengths along their respective axes, andr =

(x; y; z) represents position. By manipulating the gradient strengths and durations, spatial

information is encoded into the frequency and phase of the MR signals. Gradient coils

are precisely engineered to produce linear �eld variations with minimal distortion and are

capable of rapid switching, which is crucial for advanced imaging techniques.

RF Coils

RF coils serve as both transmitters and receivers in MRI:
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Transmit Coils Transmit coils generate the RF pulses necessary to excite the spins [13].

They are designed to produce a uniformB 1 �eld over the region of interest to ensure consis-

tent excitation. Body coils, which are integrated into the scanner bore, are commonly used

for whole-body imaging, while specialized coils may be employed for speci�c anatomical

regions.

Receive Coils Receive coils detect the weak MR signals emitted by the precessing trans-

verse magnetization [13]. Coil sensitivity and geometry signi�cantly a�ect the signal-to-noise

ratio (SNR). Surface coils are placed close to the area of interest to maximize SNR, while

phased-array coils consist of multiple small coil elements that can improve spatial resolution

and enable advanced techniques like parallel imaging.

3.1.3 Spatial Encoding and K-Space

Spatial encoding allows MRI to reconstruct spatially resolved images from the MR signals

[11]. This is achieved through the application of gradient �elds and the collection of data in

the frequency domain, known ask-space.

Slice Selection

To image a speci�c slice within the body, a gradient �eld (e.g.,Gz) is applied along the

z-axis during the RF excitation pulse. This gradient causes the Larmor frequency to vary

linearly with position along z:

! (z) = 
 (B0 + Gzz): (3.10)

By applying an RF pulse with a frequency bandwidth� ! , only spins within a slice of

thickness� z are excited:
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� z =
� !

G z

: (3.11)

Using a sinc-shaped RF pulse ensures a rectangular frequency pro�le, providing precise

slice selection and minimizing excitation of adjacent slices.

Frequency Encoding (Readout Gradient)

After slice selection, spatial encoding within the slice is achieved using frequency and phase

encoding gradients [11]. The frequency encoding gradient (Gx ) is applied along thex-axis

during signal acquisition. This gradient causes the Larmor frequency to vary with position

along x:

! (x) = 
 (B0 + Gxx): (3.12)

As a result, spins at di�erent x-positions precess at di�erent frequencies. The received

signal is a superposition of these frequencies, and applying a Fourier transform allows for

the reconstruction of spatial information along thex-axis.

Phase Encoding

Phase encoding involves applying a gradient (Gy) along they-axis for a short duration before

signal acquisition. This gradient induces a position-dependent phase shift in the spins:

� (y) = 
G yy� t; (3.13)

where� t is the duration of the phase encoding gradient. By incrementally changing the

amplitude of Gy across multiple repetitions (called phase encoding steps), di�erent phase

encodings are obtained, enabling spatial resolution along they-axis. Collecting data with

varying phase encoding gradients �lls k-space line by line [11].
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K-Space and Image Reconstruction

K-space is a conceptual space where each point corresponds to a speci�c spatial frequency

component of the image [11, 13]. The coordinates in k-space are de�ned by:

kx (t) = 

Z t

0
Gx (t0)dt0; ky = 
G y� t: (3.14)

The MR signal S(kx ; ky) acquired during readout is related to the spatial distribution of

magnetization � (x; y) by the Fourier transform:

S(kx ; ky) =
Z 1

�1

Z 1

�1
� (x; y)e� i 2� (kx x+ kyy)dxdy: (3.15)

Reconstructing the image involves performing an inverse Fourier transform of the k-space

data:

� (x; y) =
Z 1

�1

Z 1

�1
S(kx ; ky)ei 2� (kx x+ kyy)dkxdky: (3.16)

The sampling density and trajectory in k-space in�uence the resolution and quality of

the reconstructed image.

K-Space Sampling Strategies

Di�erent strategies are used to �ll k-space (Figure 3.3), each a�ecting acquisition time, image

quality, and sensitivity to artifacts:

Cartesian Sampling In Cartesian sampling, k-space is �lled line by line in a rectilinear

fashion by sequentially varying the phase encoding gradient. This method is straightfor-

ward and compatible with fast Fourier transform algorithms but can be sensitive to motion

artifacts.
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Radial and Spiral Sampling Radial sampling acquires data along spokes radiating from

the center of k-space, while spiral sampling traverses k-space in a spiral trajectory. These

methods o�er robustness against motion artifacts and can provide faster acquisition times

but require more complex reconstruction algorithms.

Cartesian Sampling

kx

ky

Radial Sampling

kx

ky

Spiral Sampling

kx

ky

Figure 3.3: Illustration of di�erent k-space sampling strategies.Top left : Cartesian sam-
pling, where k-space is �lled line by line in a rectilinear manner. This method is compatible
with fast Fourier transform algorithms and provides straightforward reconstruction but is
sensitive to motion artifacts. Top right : Radial sampling, which acquires data along spokes
radiating from the center of k-space. This approach is more robust to motion artifacts and
can provide fast acquisitions but requires more complex reconstruction.Bottom : Spiral
sampling, where data is acquired in a spiral trajectory. Spiral sampling is e�cient in acquisi-
tion time and is less sensitive to motion, but its reconstruction is computationally intensive
due to the non-Cartesian path.
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3.1.4 Pulse Sequences and Image Contrast

Pulse sequences de�ne the timing and application of RF pulses and gradient �elds, controlling

the contrast and quality of the MRI images [11, 13]. Key parameters in�uencing image

contrast include repetition time (TR), echo time (TE), and �ip angle (� ).

Repetition Time (TR) and Echo Time (TE)

The repetition time TR is the time interval between successive excitation pulses. It de-

termines the extent of longitudinal relaxation that occurs between excitations, in�uencing

T1 weighting. A short TR minimizes T1 relaxation di�erences, while a long TR allows for

greater recovery ofMz.

The echo time TE is the time between the excitation pulse and the peak of the echo

signal. TE a�ects the amount of transverse relaxation that in�uences the signal, thereby

controlling T2 or T2* weighting. A short TE reduces T2 decay e�ects, while a long TE

accentuates di�erences in T2 relaxation times among tissues.

By adjusting TR and TE, di�erent tissue contrasts can be achieved:

ˆ T1-Weighted Imaging : Short TR and short TE emphasize di�erences in T1 relax-

ation times, making tissues with short T1 appear bright.

ˆ T2-Weighted Imaging : Long TR and long TE emphasize di�erences in T2 relaxation

times, highlighting tissues with long T2.

ˆ Proton Density Imaging : Long TR and short TE minimize relaxation e�ects, em-

phasizing di�erences in proton density.
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Flip Angle

The �ip angle � determines the extent to which the net magnetization is tipped into the

transverse plane during excitation. In gradient echo sequences, varying the �ip angle allows

for control over image contrast and can reduce acquisition times. Smaller �ip angles reduce

saturation e�ects and allow for shorter TR, enabling faster imaging.

Spin Echo and Gradient Echo Sequences

Spin Echo Sequences Spin echo sequences (Figure 3.4) use a90� excitation pulse followed

by a 180� refocusing pulse. The180� pulse inverts the dephased spins, refocusing them at

time TE to form an echo [11]. This sequence compensates for dephasing due to magnetic �eld

inhomogeneities and is sensitive to true T2 relaxation. Spin echo sequences are considered

the gold standard for image contrast but have longer acquisition times compared to gradient

echo sequences.

Gradient Echo Sequences Gradient echo sequences (Figure 3.4) use variable �ip angles

and gradient reversals to refocus spins without the need for a180� pulse [11]. These sequences

are faster and more versatile but are sensitive to T2* e�ects due to �eld inhomogeneities.

They are useful in applications where rapid imaging is required, such as dynamic studies and

functional MRI.
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Figure 3.4: Comparison of Spin Echo and Gradient Echo Pulse Sequences. The
spin echo sequence (top) uses a90� excitation pulse followed by a180� refocusing pulse to
correct for magnetic �eld inhomogeneities, producing an echo at timeTE . In contrast, the
gradient echo sequence (bottom) uses a variable �ip angle excitation pulse (� ) and gradient
reversals to achieve faster imaging, with sensitivity to T2* e�ects. Spin echo sequences o�er
accurate T2 contrast, while gradient echo sequences are suited for rapid imaging but are
more susceptible to artifacts.

Advanced Pulse Sequences

Advanced imaging techniques utilize specialized pulse sequences to achieve speci�c imaging

goals:

Inversion Recovery Inversion recovery sequences begin with an inversion pulse (typically

180� ) to invert the net magnetization. By selecting an appropriate inversion time (TI), tissues
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with speci�c T1 values can be nulled, enhancing contrast between di�erent tissues. For

example, �uid-attenuated inversion recovery (FLAIR) suppresses signals from cerebrospinal

�uid to better visualize lesions in the brain.

Fast Spin Echo (Turbo Spin Echo) Fast spin echo sequences acquire multiple echoes

following a single excitation by using a train of180� refocusing pulses. This approach

signi�cantly reduces scan time while maintaining T2 weighting. It is widely used in clinical

imaging due to its e�ciency and image quality.

Echo Planar Imaging (EPI) Echo planar imaging enables the rapid acquisition of an

entire image following a single excitation pulse by traversing k-space in a single shot. EPI is

critical for applications that require high temporal resolution, such as functional MRI and

di�usion imaging. However, it is sensitive to magnetic �eld inhomogeneities and may su�er

from geometric distortions.

3.1.5 Applications and Clinical Imaging

MRI's versatility and superior soft tissue contrast make it invaluable in numerous clinical

and research applications.

Brain Imaging

High-resolution structural imaging of the brain is essential for diagnosing neurological con-

ditions. T1-weighted imaging provides detailed anatomical structures, useful for detecting

tumors, malformations, and assessing brain development. T2-weighted imaging highlights

�uid-�lled spaces and pathological changes such as edema, in�ammation, and demyelination,

aiding in the diagnosis of multiple sclerosis, stroke, and infections.
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Functional MRI (fMRI) Functional MRI maps brain activity by detecting changes in

blood oxygenation levels, leveraging the BOLD contrast mechanism discussed earlier. It

allows for the non-invasive study of brain function, connectivity, and neural networks, pro-

viding insights into cognitive processes and neurological disorders.

Cardiac Imaging

MRI o�ers a comprehensive, non-invasive assessment of cardiac structure and function. Cine

MRI captures dynamic images of the beating heart, enabling evaluation of ventricular func-

tion, wall motion, and valvular function [12]. Perfusion imaging assesses myocardial blood

�ow using contrast agents, aiding in the detection of ischemia. Late gadolinium enhancement

identi�es areas of myocardial infarction or �brosis by highlighting regions where contrast

agent accumulates due to damaged myocardium.

Musculoskeletal Imaging

MRI provides excellent soft tissue contrast for evaluating muscles, ligaments, tendons, and

cartilage. Fat-suppressed imaging enhances visualization of edema, in�ammation, and tu-

mors by suppressing signals from fatty tissues. Cartilage imaging assesses cartilage integrity

and degeneration in joint diseases like osteoarthritis, using techniques such as T2 mapping

and delayed gadolinium-enhanced MRI of cartilage (dGEMRIC) [12].

3.1.6 Bloch Equations and Spin Dynamics

The Bloch equations provide a semiclassical description of nuclear magnetic resonance

phenomena, combining quantum mechanical principles with classical electromagnetic theory.

For a magnetization vectorM = ( Mx ; My; Mz) under an external magnetic �eld B , the
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equations take the form:

dM
dt

= 
 M � B �

0

B
B
B
B
@

M x
T2
M y
T2

M z � M 0
T1

1

C
C
C
C
A

: (3.17)

When considering both static (B 0) and time-varying (B 1(t)) �elds, the total �eld be-

comes:

B (t) = B0k̂ + B1(t)[cos(!t )î + sin( !t )ĵ ]: (3.18)

Rotating Frame Analysis

The transformation to the rotating frame introduces a coordinate system(x0; y0; z0) rotating

at angular frequency! about the z-axis [11, 13]. The transformation matrixR(t) is given

by:

R(t) =

0

B
B
B
B
@

cos(!t ) sin(!t ) 0

� sin(!t ) cos(!t ) 0

0 0 1

1

C
C
C
C
A

: (3.19)

The e�ective �eld in this frame becomes:

B e� =
�

B0 �
!



�
k̂ + B 1̂i0: (3.20)

Solutions and Applications

For speci�c cases, analytical solutions exist [11]. During free precession with no RF �eld:

Mxy (t) = Mxy (0)e� t=T2e� i
 � B0t (3.21)

Mz(t) = M0 � [M0 � Mz(0)]e� t=T1 (3.22)

For more complex scenarios involving time-varying gradientsG(t), the Bloch equations
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become:
dM
dt

= 
 M � [B 0 + G(t) � r + B 1(t)] � R(M ) (3.23)

whereR(M ) represents the relaxation terms [11].

These equations form the basis for advanced pulse sequence design, including:

ˆ Composite pulse optimization

ˆ Adiabatic pulse design

ˆ Magnetization preparation schemes

ˆ Multi-component relaxation analysis

Numerical solutions typically employ methods such as the Runge-Kutta algorithm or

matrix exponential approaches for accurate trajectory prediction, particularly important in

quantitative imaging applications.

3.1.7 Summary

Magnetic Resonance Imaging combines principles of physics, mathematics, and engineering

to produce detailed images of the body's internal structures. By manipulating nuclear spins

with precisely timed magnetic �elds and RF pulses, MRI o�ers unparalleled �exibility and

contrast in medical imaging. A deep understanding of the underlying physics and mathemat-

ical models is crucial for advancing MRI technology, improving image quality, and expanding

its clinical applications. This foundation sets the stage for exploring advanced topics such

as functional MRI and the study of resting-state functional connectivity, which continue to

enhance our understanding of human physiology and disease.
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3.2 Functional MRI and Resting-State fMRI

Functional Magnetic Resonance Imaging (fMRI) is a non-invasive neuroimaging technique

that enables researchers and clinicians to observe brain activity by detecting changes as-

sociated with blood �ow. It leverages the principle that cerebral blood �ow and neuronal

activation are coupled; when a region of the brain is active, blood �ow to that area increases.

Resting-State fMRI (rsfMRI) extends this capability by examining the brain's functional or-

ganization during rest, revealing intrinsic connectivity networks without the need for explicit

tasks or stimuli.

3.2.1 Principles of fMRI

The fundamental principle underlying fMRI is the detection of changes in blood oxygenation

levels that occur in response to neural activity. This mechanism is known as theBlood Oxy-

genation Level Dependent (BOLD) contrast [14, 15]. Active neurons consume oxygen and

glucose, leading to localized changes in the concentration of oxygenated and deoxygenated

hemoglobin. Oxygenated hemoglobin is diamagnetic, while deoxygenated hemoglobin is

paramagnetic, a�ecting the local magnetic �eld and thus the MR signal [16, 17].

During neuronal activation, the increase in cerebral blood �ow (CBF) to a region is

typically greater than the increase in oxygen consumption [15]. This results in a net decrease

in the concentration of deoxygenated hemoglobin (dHb) in that area. Since dHb causes local

magnetic �eld inhomogeneities that shorten the e�ective transverse relaxation timeT �
2 , a

decrease in dHb leads to an increasedT �
2 and, consequently, an increase in the MR signal

in T2*-weighted images. This signal change forms the basis of the BOLD contrast used in

fMRI [15, 6, 2].

Mathematically, the change in MR signal� S due to a change in the e�ective transverse

relaxation rate � R�
2 can be approximated by:
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� S
S

� e� TE�� R�
2 � 1 � � TE � � R�

2; (3.24)

where S is the baseline signal intensity,TE is the echo time, and� R�
2 represents the

change in1=T�
2 . The negative sign indicates that an increase in� R�

2 (more dHb) leads to a

signal decrease. However, during activation,� R�
2 decreases due to reduced dHb, leading to

a signal [18].

The BOLD signal is inherently complex, in�uenced by multiple physiological processes,

including the cerebral metabolic rate of oxygen consumption (CMRO2), cerebral blood vol-

ume (CBV), and cerebral blood �ow (CBF) [18]. Accurately modeling the BOLD signal

requires consideration of these factors and their interplay.

3.2.2 Hemodynamic Response Function (HRF)

The relationship between neuronal activation and the BOLD signal is characterized by the

Hemodynamic Response Function (HRF), which describes how the BOLD signal evolves

over time following a brief neural stimulus [18, 17]. The HRF in fMRI because allows

prediction of the expected BOLD signal resulting from a given pattern of neuronal activity.

The typical HRF exhibits a characteristic shape with several distinct phases (Figure

3.5). Immediately following neuronal activation, there may be a small initial dip in the

BOLD signal, thought to re�ect the rapid increase in oxygen consumption before the vascular

response. This is followed by the main positive peak, occurring around 4 to 8 seconds after

stimulus onset, re�ecting the in�ux of oxygenated blood that exceeds metabolic demands.

After the peak, the signal returns to baseline but often undershoots, resulting in a post-

stimulus undershoot that can last several seconds. This undershoot may be due to delayed

normalization of cerebral blood volume or continued elevated metabolic rates.

Mathematically, the HRF can be modeled using a combination of gamma functions,

capturing the delay, rise, and fall of the BOLD response:
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h(t) = A1

�
t � d1

b1

� a1

e� (t � d1)=b1 � A2

�
t � d2

b2

� a2

e� (t � d2)=b2; (3.25)

where A i are amplitude scaling factors,ai are shape parameters,bi are time constants

controlling the width, and di are delays for the peak and undershoot components, respectively

[17]. This model allows �exibility in �tting the observed BOLD response across di�erent

brain regions and subjects.
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Figure 3.5: Hemodynamic Response Function (HRF). The plot illustrates the BOLD
signal evolution after a brief neural stimulus. Key phases include an initial dip due to in-
creased oxygen consumption, a positive peak (4�8 seconds) re�ecting an in�ux of oxygenated
blood, and a post-stimulus undershoot related to delayed cerebral blood volume adjustments.

3.2.3 fMRI Data Analysis

Analyzing fMRI data involves several complex steps aimed at extracting meaningful infor-

mation about brain function from the raw MR signals [18]. The process begins withpre-

processing , which includes correcting for di�erences in slice acquisition timing, realigning

images to compensate for subject motion, normalizing brain images to a standard anatomical
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space, smoothing to enhance signal-to-noise ratio, and �ltering to remove physiological noise

and drifts.

After preprocessing,statistical analysis is performed to identify brain regions where

the BOLD signal correlates with the experimental design or task. The most commonly

used framework for this analysis is theGeneral Linear Model (GLM), which models the

observed BOLD time series as a linear combination of predictors (regressors) and noise:

Y = X � + � ; (3.26)

where Y is the vector of observed fMRI signals over time,X is the design matrix con-

taining convolved regressors (e.g., the HRF convolved with stimulus timing),� are the

parameters to be estimated (re�ecting the magnitude of activation), and� is the residual

error term [18].

Parameter estimation is typically achieved using ordinary least squares, yielding estimates

�̂ that minimize the sum of squared errors. Hypothesis testing involves specifying contrast

vectors to test speci�c e�ects of interest, and statistical signi�cance is assessed using t-tests or

F-tests. To account for the multiple comparisons inherent in voxel-wise analysis, corrections

such as the Bonferroni correction or False Discovery Rate (FDR) are applied to control the

family-wise error rate.

3.2.4 Resting-State fMRI (rsfMRI)

Resting-State fMRI focuses on spontaneous �uctuations in the BOLD signal that occur in

the absence of explicit tasks or stimuli [18, 17, 19]. These low-frequency �uctuations (less

than 0.1 Hz) are thought to re�ect the brain's intrinsic functional architecture, revealing

networks of regions that are functionally connected [18]. Unlike task-based fMRI, rsfMRI

examines the temporal coherence of BOLD signals between di�erent brain areas during rest.

Functional connectivity in rsfMRI is typically assessed by computing the temporal cor-
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relation between the BOLD time series of di�erent regions [17, 20, 21, 22]. For example, the

Pearson correlation coe�cient between time seriesx i (t) and x j (t) from regionsi and j is

given by:

r ij =

P T
t=1 (x i (t) � �x i )(x j (t) � �x j )

q P T
t=1 (x i (t) � �x i )2

q P T
t=1 (x j (t) � �x j )2

; (3.27)

where �x i and �x j are the mean signals over time for regionsi and j , respectively. High

correlation coe�cients suggest functional connectivity, implying that these regions are part

of the same resting-state network (RSN).

Independent Component Analysis

One common approach to identify RSNs isIndependent Component Analysis (ICA), a

powerful data-driven method used to decompose the fMRI data into statistically independent

spatial components [18]. ICA is especially valuable in rsfMRI analysis due to its ability to

identify brain networks without any prior knowledge or model of their spatial locations,

making it a �exible method for discovering novel functional networks.

In ICA, the observed rsfMRI data matrix X , which typically has dimensionsV � T (where

V represents the number of voxels andT represents the number of time points), is assumed

to be a linear mixture of unknown independent components:

X = AS ; (3.28)

where:

ˆ A is the mixing matrix , of sizeT � N , containing the time courses associated with

each independent component.

ˆ S is a matrix of sizeN � V, containing the independent components , which are
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spatial maps indicating the areas of the brain with correlated BOLD signal �uctuations.

The goal of ICA is to determine bothA and S based solely on the observations inX . This

is done under the assumption that the components inS are statistically independent from

each other. Independence is typically measured by non-Gaussianity, with the assumption

that the source signals are non-Gaussian and independent.

To achieve this, iterative algorithms, such as FastICA, are often employed. FastICA is

an e�cient method for �nding independent components by maximizing a measure of non-

Gaussianity, such as negentropy, which can be expressed as:

J (y) = H (yGaussian) � H (y); (3.29)

where H (y) represents the entropy of the random variabley, and H (yGaussian) is the

entropy of a Gaussian variable with the same variance asy. By maximizing negentropy,

ICA e�ectively �nds a representation of the data where the components are maximally

independent and non-Gaussian.

Another approach used by ICA algorithms involves minimizing the mutual information

I (y1; y2; : : : ; yN ) of the components, where mutual information is de�ned as:

I (y1; y2; : : : ; yN ) =
NX

i =1

H (yi ) � H (y); (3.30)

with H (y) representing the joint entropy of all components. In practical terms, minimiz-

ing mutual information implies that the joint distribution of the components becomes as close

as possible to the product of their marginal distributions, achieving statistical independence.

Once ICA decomposes the data into its constituent components, each independent com-

ponent represents a distinct RSN, which includes areas of the brain that exhibit temporally

correlated activity. Examples of RSNs that are commonly identi�ed using ICA include:

ˆ The Default Mode Network (DMN) , which is active during rest and involved in
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processes such as mind-wandering and self-referential thought.

ˆ The Sensorimotor Network , which encompasses regions involved in somatosensory

and motor functions, including the primary motor cortex and somatosensory cortex.

ˆ The Visual Network , located primarily in the occipital cortex, responsible for visual

processing.

ˆ The Attentional Networks , such as the dorsal attention network, involved in vol-

untary attention control, and the ventral attention network, associated with detecting

salient stimuli.

The output from ICA (Figure 3.6) consists of a set of spatial maps (S) and their associated

time courses (A ). The spatial maps highlight voxels whose activity contributes to a speci�c

RSN, while the corresponding time courses re�ect the temporal �uctuation of activity within

those networks.
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Figure 3.6: Example ICA Spatial Maps. The �gure shows example spatial maps
derived from ICA applied to resting-state fMRI data. Each spatial map represents a spe-
ci�c Resting-State Network (RSN), highlighting regions of the brain where voxel activity is
temporally correlated, contributing to distinct functional networks. Left to Right : The
Default Mode Network (DMN) , which is involved in introspective tasks and deactivates
during externally-focused activities; theVisual Network , which is primarily responsible for
visual processing; theSensorimotor Network , involved in coordinating motor activities
and processing somatosensory information; and theSomatosensory Network , related to
sensory information processing. Each RSN is characterized by speci�c patterns of connec-
tivity, captured through ICA decomposition, where the red regions indicate areas of higher
activity correlation within that network. The �gure also includes a sagittal view to demon-
strate the approximate slices used in generating these spatial maps.

The advantages of ICA are not only its ability to identify functionally coherent networks

but also its capacity to separate artifacts from true neural signals. For instance, ICA can

identify and isolate components related to physiological noise (e.g., cardiac or respiratory

�uctuations) or head motion, thereby improving the quality of rsfMRI data analysis. This

denoising capability makes ICA an essential tool in preprocessing pipelines for resting-state

rsfMRI.

Another mathematical perspective on ICA is its ability to solve the "blind source sep-

aration" problem, where the task is to recover the original independent sources from their

mixtures without knowing the nature of the mixing process. This aspect is particularly pow-

erful in rsfMRI data analysis, as the sources (neural networks) are not directly measurable,

and only their mixed signals (observed voxel intensities) are available.

ICA provides a robust and �exible methodology for identifying RSNs by maximizing
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statistical independence between components, allowing for unbiased identi�cation of brain

networks. This independence-based uncovers consistent functional networks across individ-

uals, populations, and even species, thereby playing a central role in understanding the

intrinsic connectivity and functional architecture of the human brain.

3.2.5 Neurological Underpinnings of fMRI and rsfMRI

The BOLD signal arises from a complex interplay between neuronal activity, metabolism,

and hemodynamics [15, 17, 18]. Understanding the neurophysiological basis of the BOLD

signal is essential for accurate interpretation of fMRI data.

Neurovascular Coupling and the Neurovascular Unit

Neurovascular coupling refers to the relationship between neuronal activity and subsequent

changes in cerebral blood �ow [18, 17, 23, 24]. This process is mediated by theneurovas-

cular unit (Figure 3.7), a functional ensemble comprising neurons, astrocytes, vascular

endothelial cells, pericytes, and smooth muscle cells [24, 25]. The neurovascular unit orches-

trates the regulation of cerebral blood �ow in response to neuronal activity.

When neurons become active, they release neurotransmitters such as glutamate, which

propagate neural signals and activate receptors on adjacent astrocytes [23]. Astrocytes re-

spond by increasing intracellular calcium levels, leading to the release of vasoactive sub-

stances like prostaglandins and nitric oxide (NO) [23]. These substances act on the smooth

muscle cells of arterioles and capillaries, causing vasodilation and increasing blood �ow to

the active region.

Pericytes, located along capillaries, also play a role in regulating blood �ow at the mi-

crovascular level. Endothelial cells contribute by releasing factors that in�uence vessel diam-

eter and permeability [23, 26, 27]. The integrated response of the neurovascular unit ensures

a timely and localized increase in blood �ow, matching the metabolic demands of active
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neurons.

Figure 3.7: Illustration of the neurovascular unit, highlighting the interactions between neu-
rons, astrocytes, endothelial cells, pericytes, and smooth muscle cells in regulating cerebral
blood �ow. The illustration is adapted directly from Zoppo et al [28].

Disruption in the function of the the neurovascular unit can a�ect neurovascular cou-

pling and, consequently, the BOLD signal [17, 2]. In pathological conditions such as stroke,

neurodegenerative diseases, or aging, alterations in neurovascular unit components can lead

to impaired blood �ow regulation.

Neuroenergetics

Neuronal activity increases the demand for ATP, which is primarily produced through ox-

idative metabolism of glucose [23]. The mismatch between oxygen delivery (due to increased

CBF) and oxygen consumption leads to changes in the Oxygen Extraction Fraction (OEF),

de�ned as:
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OEF =
CMRO2

CBF � [O2]
; (3.31)

where CMRO2 is the cerebral metabolic rate of oxygen consumption, CBF is the cerebral

blood �ow, and [O2] is the arterial oxygen concentration. Changes in OEF contribute to the

dynamics of the BOLD signal [18, 29, 30].

Spontaneous Neural Activity

Resting-state BOLD �uctuations are thought to re�ect spontaneous neuronal activity that is

organized into coherent patterns rather than random noise [18, 17]. These intrinsic activities

may play roles in maintaining synaptic connections, consolidating memories, and prepar-

ing the brain for responsive action. The consistent observation of RSNs across individuals

suggests that these networks are fundamental to brain function.

3.2.6 Mathematical Models of Neurovascular Coupling

To quantitatively relate neuronal activity to the observed BOLD signal, biophysical models

have been developed. One such model is theBalloon Model (Figure 3.8), which describes

the dynamics of blood �ow, volume, and deoxyhemoglobin content in response to neuronal

activation [31, 18].

The Balloon Model comprises di�erential equations governing the changes in normalized

venous blood volumev(t) and deoxyhemoglobin contentq(t):

dv(t)
dt

=
1
� 0

[f (t) � v(t)1=� ]; (3.32)

dq(t)
dt

=
1
� 0

2

4
f (t)

�
1 � (1 � E0)1=f (t)

�

E0
�

q(t)
v(t)

v(t)1=�

3

5 ; (3.33)
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where f (t) is the normalized cerebral blood �ow,� 0 is the mean transit time of blood

through the venous compartment,� is Grubb's exponent relating blood volume and �ow,

and E0 is the resting oxygen extraction fraction [17, 18].

The BOLD signal change� S can then be modeled as a function ofv(t) and q(t):

� S
S0

= V0

�
k1(1 � q(t)) + k2

�
1 �

q(t)
v(t)

�
+ k3(1 � v(t))

�
; (3.34)

whereV0 is the resting blood volume fraction,S0 is the baseline signal, andk1; k2; k3 are

constants dependent on the magnetic �eld strength and imaging parameters.

Figure 3.8: Balloon Model of the BOLD Response. (A) An early view of the BOLD
response represents the chain of events from stimulus onset, through neural activation and
hemodynamic response, to the resultant BOLD signal. This approach simpli�es the un-
derstanding of how vascular dynamics in�uence the BOLD signal. (B) The Balloon model
further details the relationship between cerebral blood �ow (CBF), cerebral blood volume
(CBV), and deoxyhemoglobin content. This model accounts for the passive expansion of
venous blood volume in response to changes in CBF and helps to understand how these
changes produce the BOLD signal during and after neuronal activation. The schematic em-
phasizes the physiological basis of the BOLD signal, as well as the temporal dynamics of its
components. Adapted from Buxton (2012) [31].
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Another approach isDynamic Causal Modeling (DCM), which integrates neuronal

and hemodynamic models to infer hidden neuronal states from the BOLD signal [18, 17, 32].

In DCM, the neuronal state vectorz(t) evolves according to:

dz(t)
dt

= Az (t) + Cu (t); (3.35)

whereA represents intrinsic connections between brain regions,C represents the in�uence

of external inputs u(t), and the hemodynamic model linksz(t) to the predicted BOLD

response [18].

3.2.7 Challenges and Considerations in fMRI and rsfMRI

Interpreting fMRI data requires careful consideration of several factors that can in�uence

the BOLD signal. Physiological noise from cardiac and respiratory cycles can introduce

artifacts, which can be mitigated by recording physiological signals during scanning and

applying retrospective correction algorithms [32, 18]. Additionally, scanner drift and thermal

noise necessitate appropriate temporal �ltering and preprocessing steps.

Spatial and temporal resolution are critical considerations. Higher spatial resolution

improves localization of activation but may reduce the signal-to-noise ratio and increase

scan times. Temporal resolution a�ects the ability to detect rapid changes in neural activity

and the accurate estimation of functional connectivity.

Reproducibility and reliability are paramount, especially for clinical applications and

longitudinal studies. Ensuring standardized imaging protocols, consistent preprocessing

pipelines, and rigorous statistical analyses enhances the validity of �ndings.
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3.2.8 Future Directions and Advanced Techniques

Advancements in fMRI technology and analysis methods continue to expand its capabili-

ties. Multimodal imaging approaches, combining fMRI with electroencephalography (EEG)

or magnetoencephalography (MEG), o�er complementary spatial and temporal resolution,

providing a more comprehensive understanding of brain function [2, 33, 34].

High-�eld MRI scanners (7 Tesla and above) provide increased signal-to-noise ratio and

enhanced sensitivity to susceptibility e�ects, allowing for �ner spatial resolution and im-

proved detection of subtle functional changes [34]. However, they also present challenges

such as increased susceptibility artifacts and safety considerations related to higher mag-

netic �elds.

Machine learning and arti�cial intelligence techniques are increasingly applied to fMRI

data for pattern recognition, classi�cation, and predictive modeling [34]. These approaches

can handle high-dimensional data and uncover complex patterns that may not be apparent

through traditional analysis methods.

3.2.9 Summary

Functional MRI and resting-state fMRI have revolutionized our ability to study the human

brain in vivo. By leveraging the BOLD contrast mechanism and understanding the role

of the neurovascular unit in neurovascular coupling, these techniques provide insights into

the neural correlates of cognitive processes, functional connectivity, and brain organization.

A comprehensive grasp of the physiological and mathematical foundations of the BOLD

signal is essential for designing experiments, analyzing data, and interpreting results. As

technology advances and computational methods evolve, fMRI will continue to be a vital

tool in neuroscience research and clinical applications such as in stroke management.
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3.3 Pathophysiology of Ischemic Stroke

Acute ischemic stroke is a devastating neurological event resulting from the sudden inter-

ruption of blood �ow to a region of the brain [1, 35]. This interruption deprives neurons

and glial cells of essential nutrients and oxygen, leading to a complex cascade of cellular and

molecular events that culminate in neuronal injury and death. Understanding the intricate

pathophysiological mechanisms underlying ischemic stroke is crucial for developing e�ective

therapeutic strategies and improving patient outcomes.

3.3.1 Cellular and Molecular Mechanisms

The onset of ischemia initiates a series of interconnected pathological processes (Figure 3.9),

each contributing to the progression of brain injury. The primary event is the reduction or

cessation of cerebral blood �ow due to arterial occlusion, typically caused by a thrombus or

embolus [36, 37]. This leads to an immediate energy crisis within a�ected brain regions.
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Figure 3.9: Neurovascular Interactions During Ischemic Stroke. The top portion
depicts platelet and endothelium activation, contributing to thromboin�ammation through
the release of mediators like MMP-9, MMP-2, and IL-1, and through leukocyte adhesion
via molecules such as P-selectin, ICAM-1, and VCAM-1. Activated platelets and immune
cells adhere to the endothelium, releasing pro-in�ammatory factors and promoting thrombus
formation. The bottom portion illustrates the CNS in�ammatory response , including
microglia, astrocytes, and neurons. Microglia release TNF, IL-1� , and ROS in response to
DAMPS and ATP, contributing to neuronal damage, while reactive astrocytes exacerbate
in�ammation through cytokine production. These processes underlie the progression of
stroke-induced injury and highlight key targets for therapeutic intervention. Adapted from
Garcia-Bonilla et al [38].

Energy Failure and Ionic Imbalance

Neurons are highly dependent on aerobic metabolism for ATP production. The abrupt loss

of oxygen and glucose supply halts oxidative phosphorylation within mitochondria, rapidly

depleting ATP stores [36]. The energy failure impairs the function of ATP-dependent ion

pumps, particularly the Na+ /K + -ATPase, which is essential for maintaining ionic gradients

across the neuronal membrane [1, 36].

As the Na+ /K + -ATPase pump fails, there is an accumulation of intracellular sodium
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(Na+ ) and calcium (Ca2+ ) ions, while potassium (K+ ) ions leak out of the cell. This

ionic imbalance leads to the depolarization of neurons and the opening of voltage-gated

calcium channels, further increasing intracellular Ca2+ levels [36, 39, 40]. The disrupted ionic

homeostasis sets the stage for excitotoxicity and initiates detrimental enzymatic processes.

Excitotoxicity

Depolarized neurons release excessive amounts of excitatory neurotransmitters, predomi-

nantly glutamate, into the synaptic cleft. The elevated extracellular glutamate overstimu-

lates ionotropic glutamate receptors, such as NMDA and AMPA receptors, on postsynaptic

neurons. Activation of these receptors facilitates a massive in�ux of Ca2+ and Na+ ions into

the cell [40, 28].

The surge in intracellular Ca2+ concentration activates various calcium-dependent en-

zymes, including proteases like calpains, phospholipases, and endonucleases. Calpains de-

grade cytoskeletal proteins, compromising neuronal structural integrity [40]. Phospholipases

break down membrane phospholipids, leading to the generation of arachidonic acid and

subsequent production of pro-in�ammatory eicosanoids. Endonucleases cause DNA frag-

mentation, which can trigger apoptotic pathways.

Oxidative and Nitrosative Stress

The mitochondrial dysfunction resulting from energy failure and calcium overload leads to

the generation of reactive oxygen species (ROS). Impaired electron transport chain function

causes leakage of electrons, which react with molecular oxygen to form superoxide radicals

(O�
2 ). Superoxide can be converted to hydrogen peroxide (H2O2) by superoxide dismutase

(SOD), and further to hydroxyl radicals (OH�) via the Fenton reaction in the presence of

iron [40]. These ROS are highly reactive and can damage lipids, proteins, and DNA.

Concurrently, nitric oxide synthase (NOS) enzymes produce nitric oxide (NO). Under
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ischemic conditions, inducible NOS (iNOS) and neuronal NOS (nNOS) become overactive,

leading to excessive NO production [40, 28]. NO reacts with superoxide to form peroxyni-

trite (ONOO � ), a potent reactive nitrogen species (RNS) that exacerbates cellular damage

through nitration of tyrosine residues in proteins and lipid peroxidation.

In�ammatory Response

The in�ammatory response (Figures 3.9 & 3.10) is a critical component of ischemic stroke

pathophysiology. Within minutes of ischemia onset, resident microglia in the brain are

activated [35]. These cells transition from a resting to an activated state, adopting amoeboid

morphology and producing pro-in�ammatory cytokines such as TNF-� , IL-1� , and IL-6.

Astrocytes also become reactive, contributing to the release of in�ammatory mediators and

upregulation of adhesion molecules [41, 40].

These cytokines promote the expression of adhesion molecules like ICAM-1 and VCAM-

1 on endothelial cells of the cerebral vasculature [40]. This facilitates the recruitment and

transmigration of peripheral immune cells, including neutrophils, monocytes, and lympho-

cytes, into the brain parenchyma [40, 28].
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Figure 3.10: Temporal Progression of the In�ammatory Response in Ischemic
Stroke. The coordinated innate and adaptive immune responses following an ischemic
stroke are shown, detailing key cellular players and their interactions over time.Innate
Immunity (Left) : Neutrophils (N1) are among the �rst responders, releasing reactive
oxygen species (ROS), matrix metalloproteinases (MMPs), and nitric oxide (NO) to clear
damaged cells and debris. Microglia and macrophages are activated, with M1 macrophages
contributing to in�ammation, and M2 macrophages promoting tissue repair and angiogenesis.
Microglia phagocytose dying neurons and interact with macrophages and other immune cells.
Adaptive Immunity (Right) : As in�ammation evolves, the adaptive immune system
becomes involved, with regulatory T cells (Tregs) releasing anti-in�ammatory cytokines like
IL-10 to resolve in�ammation and support tissue repair. The progression of in�ammation,
from acute tissue clearance by innate cells to adaptive immune-mediated resolution and
tissue repair, spans from the acute phase (days) to the chronic phase (weeks). Adapted from
Garcia-Bonilla et al [38].

Neutrophils are among the �rst in�ltrating cells and contribute to secondary injury by

releasing proteases, ROS, and pro-in�ammatory cytokines. Monocytes di�erentiate into

macrophages within the brain and can adopt either pro-in�ammatory (M1) or anti-in�ammatory

(M2) phenotypes, in�uencing the balance between further injury and repair processes.
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Blood-Brain Barrier Disruption

The blood-brain barrier (BBB) is a selective barrier formed by endothelial cells, tight junc-

tion proteins, astrocyte end-feet, and pericytes [40]. Ischemia leads to the disruption of the

BBB through several mechanisms. In�ammatory cytokines and oxidative stress upregulate

matrix metalloproteinases (MMPs), particularly MMP-2 and MMP-9 [40]. MMPs degrade

extracellular matrix components and tight junction proteins like occludin and claudins, in-

creasing BBB permeability.

The compromised BBB allows plasma proteins, such as �brinogen and albumin, and

immune cells to enter the brain parenchyma. This extravasation contributes to vasogenic

edema, increasing intracranial pressure and potentially leading to herniation [40, 41, 28]. Ad-

ditionally, the in�ux of peripheral immune cells ampli�es the in�ammatory response within

the brain.

Cell Death Pathways

Cell death in ischemic stroke occurs through a continuum of mechanisms (Figure 3.11),

including necrosis, apoptosis, autophagy, and necroptosis. The mode of cell death is in-

�uenced by the severity and duration of ischemia and varies across di�erent brain regions

[28, 40, 42, 43].

In the ischemic core, where blood �ow reduction is most severe, neurons rapidly undergo

necrosis due to profound energy failure. Necrotic cells exhibit swelling, loss of membrane

integrity, and uncontrolled release of intracellular contents, which can provoke further in-

�ammation.

In the penumbra, neurons experience less severe ischemia and may die through apoptosis,

a regulated form of cell death [40]. Apoptosis involves caspase activation, chromatin conden-

sation, DNA fragmentation, and the formation of apoptotic bodies, which are phagocytosed
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without triggering in�ammation.

Autophagy, a process of cellular self-digestion, is upregulated in response to stress and

can have dual roles. While moderate autophagy may promote cell survival by removing

damaged organelles, excessive autophagy can lead to autophagic cell death.

Necroptosis is a programmed form of necrosis mediated by receptor-interacting protein ki-

nases RIPK1 and RIPK3, and the mixed lineage kinase domain-like protein (MLKL) [40, 38].

Necroptosis shares features with both necrosis and apoptosis and contributes to in�ammation

due to the release of cellular contents.

Figure 3.11: Molecular Mechanisms of Cell Death in Ischemic Stroke. Key molec-
ular players involved in di�erent cell death pathways, including necrosis, apoptosis, and
necroptosis, are illustrated. Theextrinsic apoptotic pathway is initiated by binding of
Fas ligand (FasL) to the CD95-Fas receptor, forming the death-inducing signaling complex
(DISC) and leading to caspase-8 activation. Caspase-8 subsequently cleaves and activates
downstream caspases such as caspase-3, resulting in DNA fragmentation by CAD (Caspase-
Activated DNase). The intrinsic apoptotic pathway is characterized by mitochondrial
release of cytochrome c (Cyt c), which binds Apaf-1, forming the apoptosome that activates
caspase-9 and downstream caspase-3. Necroptosis, mediated by receptor-interacting proteins
(RIP1 and RIP3), is also illustrated, emphasizing its interplay with apoptosis and its contri-
bution to in�ammation through necrotic release of cellular contents. The crosstalk between
these pathways highlights the complexity of cell death mechanisms in ischemic conditions.
Adapted from Yang et al [40].
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3.3.2 Temporal Dynamics of Ischemic Injury

The progression of ischemic injury unfolds over time (Figures 3.9 & 3.10), with distinct

phases characterized by speci�c pathophysiological processes [35, 44, 28, 37, 45]. Understand-

ing these temporal dynamics is essential for identifying therapeutic windows and tailoring

interventions.

Hyperacute Phase (Minutes to Hours)

In the hyperacute phase, immediate energy failure leads to rapid neuronal depolarization

and the onset of excitotoxicity. The accumulation of extracellular glutamate and calcium

overload initiates destructive enzymatic cascades. Early oxidative and nitrosative stress

exacerbate mitochondrial dysfunction and energy de�cits.

Microglial activation begins within minutes, and the release of pro-in�ammatory cy-

tokines sets the foundation for the in�ammatory response. BBB disruption starts due to the

activation of MMPs and degradation of tight junction proteins.

Acute Phase (Hours to Days)

The acute phase is marked by the ampli�cation of in�ammatory responses. Peripheral

immune cells in�ltrate the brain, with neutrophils arriving �rst. These cells release enzymes

and ROS, contributing to secondary injury and BBB disruption. Vasogenic edema peaks

during this phase, increasing intracranial pressure and risking herniation.

Apoptotic cell death becomes prominent in the penumbra. Therapeutic interventions

during this phase aim to reduce in�ammation, protect the BBB, and prevent further neuronal

loss.
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Subacute Phase (Days to Weeks)

In the subacute phase, there is a transition from injury to repair. In�ammation begins

to subside as anti-in�ammatory cytokines like IL-10 and TGF-� are produced [41, 46].

Macrophages shift towards an M2 phenotype, promoting tissue repair and angiogenesis.

Neurogenesis and angiogenesis are stimulated by growth factors such as VEGF, BDNF,

and NGF [40]. Endothelial cells proliferate, forming new blood vessels that restore perfu-

sion. Neural progenitor cells migrate towards the ischemic area, potentially contributing to

neuronal replacement.

Astrocytes proliferate and form a glial scar around the infarcted tissue. While this scar

contains the injury and prevents the spread of damage, it can also inhibit axonal regeneration

due to the secretion of inhibitory molecules.

Chronic Phase (Weeks to Months)

The chronic phase involves remodeling and plasticity as the brain attempts to recover func-

tion. Surviving neurons undergo synaptic plasticity, forming new connections to compensate

for lost pathways. Dendritic sprouting and changes in neurotransmitter receptor expression

facilitate neural network reorganization.

Persistent low-grade in�ammation may continue, potentially impacting long-term recov-

ery. Remote e�ects, such as diaschisis, can occur where regions distant from the infarct

exhibit altered function due to disrupted connectivity.

Rehabilitation e�orts are critical during this phase to enhance neuroplasticity. Thera-

peutic interventions focus on facilitating functional recovery through physical therapy, occu-

pational therapy, and cognitive rehabilitation.
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3.3.3 Collateral Circulation and Penumbral Salvage

The extent of ischemic injury is in�uenced by the adequacy of collateral circulation. Col-

lateral vessels provide alternative routes for blood �ow when primary arteries are occluded,

supplying the penumbral regions with oxygen and nutrients.

Robust collateral circulation can prolong the survival of at-risk tissue, extending the

therapeutic window for interventions such as thrombolysis and mechanical thrombectomy.

Factors a�ecting collateral �ow include individual vascular anatomy, blood pressure, and

systemic vascular health.

E�orts to enhance collateral �ow, such as pharmacological vasodilation or induced hyper-

tension, are under investigation. Imaging techniques like perfusion MRI and CT angiography

help assess collateral status and guide treatment decisions.

3.3.4 Molecular Targets for Therapeutic Intervention

Advances in understanding the molecular mechanisms of ischemic stroke have identi�ed

numerous therapeutic targets aimed at mitigating damage and promoting recovery.

Modulating Excitotoxicity

Therapies targeting excitotoxicity focus on reducing glutamate release or blocking glutamate

receptors [37, 46]. While NMDA receptor antagonists showed promise in preclinical studies,

clinical trials have been limited by side e�ects and lack of e�cacy, highlighting the challenge

of targeting excitatory neurotransmission without disrupting normal brain function.

Reducing Oxidative Stress

Antioxidant therapies aim to neutralize ROS and protect cellular components from oxida-

tive damage. Agents like edaravone, a free radical scavenger, have demonstrated e�cacy
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in reducing infarct size and improving outcomes in some patient populations. Enhancing

endogenous antioxidant defenses through upregulation of enzymes like SOD and catalase is

another strategy under exploration.

Anti-in�ammatory Approaches

Modulating the in�ammatory response o�ers potential for limiting secondary injury. Strate-

gies include inhibiting pro-in�ammatory cytokines, blocking leukocyte adhesion and in�ltra-

tion, and promoting anti-in�ammatory mediators. Selective inhibition of MMPs to preserve

BBB integrity is also a therapeutic avenue. Balancing immune modulation to avoid impairing

host defenses is a critical consideration.

Promoting Neuroprotection and Repair

Neuroprotective agents aim to inhibit apoptotic pathways, support mitochondrial function,

and enhance cell survival signaling. Growth factors such as erythropoietin and granulocyte

colony-stimulating factor have neuroprotective properties and may promote neurogenesis and

angiogenesis.

Cell-based therapies using stem cells or progenitor cells o�er potential for replacing dam-

aged neurons and supporting repair processes. These approaches are in early stages of re-

search, with challenges including cell delivery, survival, and integration into existing neural

networks.

Enhancing Neuroplasticity

Rehabilitation strategies that harness neuroplasticity are essential for functional recovery

[41]. Pharmacological agents that modulate neurotransmitter systems, such as selective

serotonin reuptake inhibitors (SSRIs), may enhance plasticity and improve outcomes when

combined with rehabilitation therapies.
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Non-invasive brain stimulation techniques, like transcranial magnetic stimulation (TMS)

and transcranial direct current stimulation (tDCS), are being investigated for their ability

to modulate cortical excitability and promote reorganization of neural circuits [37, 44].

3.3.5 Summary

Ischemic stroke is a multifactorial event involving a cascade of cellular and molecular mech-

anisms that evolve over time. The initial energy failure triggers processes of excitotoxicity,

oxidative and nitrosative stress, and in�ammation, leading to neuronal death through var-

ious pathways. The temporal dynamics of injury highlight critical periods for intervention,

emphasizing the importance of timely therapeutic strategies.

Understanding the complex interplay of these mechanisms o�ers opportunities for de-

veloping targeted treatments. While signi�cant challenges remain in translating preclinical

�ndings into e�ective clinical therapies, ongoing research continues to explore novel ap-

proaches aimed at reducing injury and enhancing recovery. Advances in imaging, molecular

biology, and neuroscience hold promise for improving outcomes and reducing the burden of

stroke on individuals and society.

3.4 Cross-Species Mapping Frameworks

Understanding the human brain remains one of the greatest challenges in neuroscience. Given

ethical and practical limitations in studying the human brain directly, researchers often rely

on animal models to investigate neural mechanisms. Cross-species mapping frameworks are

essential for translating �ndings from animal studies to humans, enabling the study of brain

function, evolution, and disease. These frameworks help bridge the gap between what we

learn from di�erent species and how that information can be applied to understand human

brain function, particularly in the context of neurological disorders and treatments.

This section provides a comprehensive discussion on the frameworks for cross-species
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mapping in neuroscience, setting the stage for the development of the proposed functional

connectivity mapping approach in subsequent chapters. By exploring the integration of

structural and functional connectivity data, advanced computational tools, and network

science techniques, we aim to provide a foundational understanding for the cross-species

methodology adopted in this thesis.

3.4.1 Introduction to Cross-Species Mapping

Cross-species studies in neuroscience play an important role in understanding fundamental

mechanisms underlying brain function. These studies enable researchers to translate �ndings

from animal models to humans, thus providing valuable insights into human neurobiology.

However, challenges arise in aligning structural and functional brain data across species

due to interspecies variability in brain size, anatomy, and functional organization [47]. To

address these challenges, frameworks integrating both structural and functional connectivity

have been developed, allowing researchers to identify conserved and divergent features across

species.

3.4.2 Structural Connectivity Mapping

Structural connectivity mapping relies on di�usion MRI (dMRI) and tract-tracing methods

to investigate the white matter architecture of the brain. Rogier Mars et al. have proposed

a framework (Figure 3.12) for structural connectivity mapping that leverages connectivity

�ngerprints, which are derived from di�usion data to characterize inter-regional anatomical

connections [48]. This framework uses dimensionality reduction techniques such as multidi-

mensional scaling (MDS) to visualize cross-species similarities in connectivity patterns, thus

facilitating comparisons between the structural connectomes of di�erent species.

To mathematically describe structural connectivity, let us de�ne the connectivity matrix

C 2 Rn� n, wheren is the number of regions of interest (ROIs) in the brain. Each element
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Cij represents the strength of the structural connection between regionsi and j . Di�usion

MRI provides estimates of these connection strengths by modeling the di�usion of water

molecules along white matter tracts, often using a tensor-based approach. The di�usion

tensor D is a symmetric positive-de�nite matrix that can be diagonalized as:

D = E�E T ; (3.36)

where E is the matrix of eigenvectors and� is the diagonal matrix of eigenvalues. The

principal eigenvector indicates the primary direction of di�usion, which is assumed to align

with the orientation of white matter �bers.

Connectivity �ngerprints o�er a compact representation of the connectivity pro�le of

each brain region, highlighting unique and conserved anatomical features. Mathematically,

let f i 2 Rn represent the connectivity �ngerprint of regioni , which is de�ned as thei -th row

of the connectivity matrix C. Dimensionality reduction techniques like MDS and principal

component analysis (PCA) are often used to transform the high-dimensional connectivity

data into a low-dimensional space that captures the most important features of the connec-

tome [48]. Speci�cally, given the connectivity matrixC, PCA seeks to �nd a set of orthogonal

components that maximize the variance in the data by solving the eigenvalue problem:

CT Cv = � v; (3.37)

where� represents the eigenvalues andv represents the principal components. This allows for

the quantitative assessment of cross-species similarities, helping identify homologous brain

regions across species.

A key strength of structural connectivity approaches is their ability to provide a detailed

mapping of anatomical pathways, which is particularly useful for identifying conserved white

matter tracts. However, these methods also have limitations, such as the inability to de-
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termine the directionality of connections and the potential for inaccuracies in regions with

crossing �bers. Moreover, structural connectivity alone may not fully capture the dynamic

nature of brain networks, necessitating the integration of functional connectivity data for a

more complete understanding.

Figure 3.12: Cross-Species Structural Connectivity Mapping Framework by Mars
et al. (2018). (a) Tracts Common Across Species: Structural tracts conserved be-
tween humans and non-human primates, visualized across multiple brain slices. These tracts
serve as the foundation for comparing connectivity patterns between species.(b) Building
a Connectivity Blueprint: The blueprint is constructed by computing vertex-wise con-
nectivity pro�les for each region in the brain, followed by a matrix multiplication with a tract
map, resulting in a summary representation of connectivity patterns across the cortex.(c)
Blueprints: Comparative visualization of connectivity blueprints for human and macaque
cortex, emphasizing both left and right cortical tracts as well as commissural pathways.
(d) KL-Divergence as a Comparative Metric: The Kullback-Leibler (KL) divergence
is employed as a metric to quantify di�erences in connectivity blueprints between species,
highlighting both similarities and unique features of each species' structural organization.
Adapted from Mars et al 2018 [48].
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3.4.3 Functional Connectivity Mapping

Resting-state fMRI has emerged as a powerful tool for investigating functional connectivity

in both humans and animal models. In cross-species research, rsfMRI allows for the identi�-

cation of conserved functional networks, such as the Default Mode Network (DMN), across

species [47]. Graph theory approaches are commonly employed to analyze functional connec-

tivity, wherein nodes represent brain regions and edges represent the statistical dependencies

between them.

To represent functional connectivity mathematically, let us de�ne a graphG = ( V; E),

whereV is the set of nodes representing brain regions, andE is the set of edges representing

the functional connections between these regions. The functional connectivity between two

regionsi and j can be quanti�ed by the Pearson correlation coe�cientr ij (eq. 3.27) of their

respective time seriesx i (t) and x j (t) .

Key metrics used in graph theory include the clustering coe�cient,Ci , which measures

the tendency of nodes to form tightly connected clusters. The clustering coe�cient for node

i is de�ned as:

Ci =
2ei

ki (ki � 1)
; (3.38)

where ei is the number of edges between the neighbors of nodei , and ki is the degree of

nodei (i.e., the number of edges connected to nodei ).

Global e�ciency, Eglob, quanti�es the e�ciency of information transfer across the entire

network and is de�ned as:

Eglob =
1

n(n � 1)

X

i 6= j 2V

1
dij

; (3.39)

where dij is the shortest path length between nodesi and j , and n is the total number of

nodes in the graph.

Modularity, Q, assesses the degree to which the network can be subdivided into distinct
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modules and is de�ned as:

Q =
1

2m

X

i;j 2V

�
A ij �

ki kj

2m

�
� (ci ; cj ); (3.40)

whereA ij is the adjacency matrix representing the presence of an edge between nodesi and

j , ki and kj are the degrees of nodesi and j , m is the total number of edges in the network,

and � (ci ; cj ) is an indicator function that equals 1 if nodesi and j belong to the same module

and 0 otherwise.

These metrics are useful for identifying homologous networks across species and for under-

standing the impact of neurological conditions, such as stroke, on brain network organization.

Despite its utility, functional connectivity mapping faces several challenges when applied

across species. Anatomical di�erences between species lead to variability in network topology,

making it di�cult to directly compare functional networks. Moreover, di�erences in the

temporal resolution of rsfMRI data across species can introduce discrepancies in connectivity

metrics, necessitating the development of advanced alignment techniques.

3.4.4 Multimodal Integration Approaches

To address the limitations of using either structural or functional connectivity alone, mul-

timodal integration approaches have been developed. These approaches combine structural

and functional data to provide a more comprehensive understanding of brain connectivity.

Joint embedding techniques, for example, allow for the simultaneous analysis of multiple

modalities, facilitating the identi�cation of cross-species correspondences [47].

Canonical Correlation Analysis (CCA) is another powerful tool for cross-species align-

ment. By maximizing the correlation between linear combinations of structural and func-

tional connectivity features, CCA can identify shared patterns that may not be apparent

from either modality alone. Integrating molecular and genetic data with connectivity mea-
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sures further enhances the robustness of cross-species mapping, providing insights into the

biological underpinnings of network organization.

3.4.5 Advanced Computational and Mathematical Frameworks

Advanced computational and mathematical tools are essential for tackling the complexity of

cross-species brain mapping. Manifold alignment techniques, for example, provide a means

of aligning brain connectivity data in a shared low-dimensional space. Procrustes analysis

is commonly used for linear alignment, while non-linear manifold alignment techniques are

better suited for capturing complex, non-linear relationships between species [48].

Optimal transport theory o�ers a mathematically rigorous framework for understanding

cross-species di�erences in network topology. By modeling the problem of aligning brain

networks as a transportation problem, optimal transport provides a principled way to match

brain regions between species while minimizing the cost of alignment. Mathematically, given

two probability distributions P and Q representing connectivity patterns in two species, the

goal is to �nd a transport plan 
 that minimizes the Wasserstein distance:

W(P; Q) = inf

 2 �( P;Q)

Z

X �Y
d(x; y)d
 (x; y); (3.41)

where�( P; Q) is the set of all possible transport plans andd(x; y) is the cost function asso-

ciated with transporting mass fromx to y. This approach has proven useful for quantifying

interspecies di�erences in network organization and for identifying conserved features of brain

architecture.

3.4.6 Network Science Tools for Cross-Species Mapping

Network science provides tools for comparing brain networks across species. Graph the-

ory metrics have been extensively used to identify conserved topological features, such as
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small-world properties and community structure, in the connectomes of various species [47].

Network control theory (NCT) further extends these analyses by modeling the brain as a

dynamical system and identifying control points that can in�uence brain state transitions

[47].

To represent the brain as a dynamical system, let us de�ne the brain state vectorx(t) 2

Rn, where n is the number of brain regions, andx(t) represents the activity level of each

region at time t. The evolution of the brain state can be modeled using a linear system:

dx(t)
dt

= Ax(t) + Bu(t); (3.42)

whereA 2 Rn� n is the structural connectivity matrix that de�nes the interactions between

brain regions, B 2 Rn� m is the input matrix that de�nes how external inputs a�ect the

brain, and u(t) 2 Rm is the control input vector.

The goal of network control theory is to determine the control inputu(t) that drives the

brain from an initial state x(0) to a desired target statex f within a certain time frame. The

minimum energy control input can be found by solving the following optimization problem:

min
u(t)

Z T

0
uT (t)u(t) dt; (3.43)

subject to the constraint given by the state equation above. The solution to this problem

provides the optimal control strategy for transitioning between brain states, which is crucial

for understanding how perturbations can in�uence whole-brain dynamics.

One important concept in NCT is the controllability Gramian Wc, which is de�ned as:

Wc =
Z T

0
eAt BB T eAT t dt: (3.44)

The Gramian Wc provides a measure of how controllable the system is from a given set of
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inputs. If Wc is full rank, then the system is said to be completely controllable, meaning that

it is possible to drive the system from any initial state to any �nal state using an appropriate

control input.

By identifying key control points, NCT can predict how perturbations to speci�c regions

will impact whole-brain dynamics, providing insights into potential therapeutic targets for

modulating brain activity across species. For example, brain regions with high controllability

are those that can e�ciently drive the system to di�erent states, making them important

targets for interventions aimed at altering brain function.

3.4.7 Validation and Evaluation Techniques

The validation of cross-species mapping frameworks is a crucial step in ensuring their relia-

bility and translational value. Statistical methods, such as cross-validation and permutation

testing, are commonly used to assess the quality of the mappings. Biological validation,

including the use of conserved networks like the DMN, further ensures that the identi�ed

correspondences are meaningful and not artifacts of the alignment process.

3.4.8 Future Directions and Challenges

Future work in cross-species brain mapping should address the variability in brain size,

anatomy, and function across species. Expanding current frameworks to include multi-

scale data, such as cellular resolution and gene expression, could enhance the robustness

of cross-species comparisons. Additionally, machine learning approaches hold great promise

for improving mapping accuracy by leveraging large-scale datasets and identifying complex,

non-linear relationships between species [47].
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3.5 Chapter Summary

Chapter 3 has established a comprehensive foundation for understanding the principles and

challenges of cross-species connectivity mapping in the context of ischemic stroke. We began

with an exploration of MRI fundamentals, the neurovascular mechanisms underlying func-

tional MRI, and the key pathophysiological processes involved in stroke. This background

is crucial for interpreting connectivity changes that occur during di�erent stages of ischemic

injury, and it guides the methodological approaches used in cross-species analysis.

The chapter also reviewed existing cross-species mapping frameworks, particularly the

structural connectivity approaches developed by Rogier Mars and colleagues. These methods,

along with advanced tools such as graph theory metrics, dimensionality reduction, and man-

ifold alignment, provide a solid theoretical basis for comparing connectivity pro�les across

species. While structural mapping has traditionally dominated cross-species studies, this

thesis emphasizes functional connectivity mapping, particularly using resting-state fMRI to

explore network-level activity and identify conserved features between humans and canines.

With this groundwork laid, Chapter 4 will build on these concepts to describe the de-

velopment of our cross-species functional connectivity mapping framework. This framework

will involve experimental designs for human and canine rsfMRI data, as well as mathemat-

ical formulations to align and compare connectivity across species. By linking the detailed

theoretical insights from this chapter to the practical approaches used in the next, we aim

to develop a rigorous and e�ective tool for translating preclinical �ndings into clinical out-

comes. This ultimately supports the overarching goal of advancing our understanding of

brain function and improving therapeutic strategies for ischemic stroke.
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Chapter 4 Development of a

Cross-Species Connectivity Mapping

Framework

The capacity to translate �ndings from animal models into clinically relevant human knowl-

edge is a central objective in translational neuroscience. Although fMRI has greatly advanced

our ability to probe neural connectivity and network organization, e�ectively bridging the

gap between controlled animal studies and complex human pathophysiology remains chal-

lenging. The motivation for developing a cross-species connectivity mapping framework

arises from this translational imperative, particularly in the context of ischemic stroke�a

condition with profound implications for long-term patient disability and recovery potential.

Previous chapters have laid theoretical and foundational groundwork: we explored the

physics and mathematics of MRI, the principles underlying the Blood-Oxygen-Level-Dependent

(BOLD) signal, and the physiological and pathophysiological processes that underpin stroke-

induced neural network disruption. Building upon these foundations, the present chapter

turns to the practical dimensions of constructing a systematic, mathematically rigorous, and

computationally robust pipeline. Here we address how to design experiments that yield

comparable canine and human datasets, select appropriate MRI parameters, ensure stable

physiological conditions, and integrate multimodal imaging data. We then detail a series of

preprocessing steps�each mathematically justi�ed and validated�to ensure that the result-

ing time-series data accurately re�ect underlying neural signals.

The chapter then presents a variety of connectivity analysis methods, including seed-
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based correlation, Independent Component Analysis (ICA), and graph-theoretical metrics.

Each approach is dissected to reveal the mathematical formulations and statistical consid-

erations that inform interpretations of functional connectivity. Following this, we introduce

advanced cross-species alignment strategies, employing optimal transport theory, manifold

alignment, and graph matching algorithms. These techniques, grounded in solid theoretical

frameworks, enable us to identify meaningful correspondences between species at multiple

scales of network complexity.

Moreover, we emphasize validation procedures to ensure that results are stable, repro-

ducible, and biologically plausible. We highlight how simulations, known biological bench-

marks, cross-validation schemes, and Bayesian uncertainty modeling can reinforce con�dence

in the derived correspondences. Finally, we discuss extensions of this framework, including

time-varying connectivity modeling, multimodal integration, scaling analyses, and even evo-

lutionary perspectives that broaden the utility and applicability of these methods.

Ultimately, this chapter o�ers a richly detailed blueprint to guide researchers in bridging

the gap between preclinical animal models and human clinical populations, facilitating the

translation of mechanistic insights into therapeutic strategies that can improve outcomes for

patients recovering from stroke and related neurological disorders.

4.1 Experimental Design

4.1.1 Rationale for Employing Canine Models

E�ective translation from animal models to human pathology hinges on selecting a model

species that shares key anatomical, physiological, and functional characteristics with humans.

Rodent models, while common, face limitations due to their relatively smooth, lissencephalic

cortex and distinct vascular architectures. By contrast, canines o�er several advantages

(Figure 4.1):
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ˆ Cortical Gyri�cation and Complexity: The canine brain is gyrencephalic, more

closely resembling the folded cortical structure of the human brain. This similarity sup-

ports more accurate anatomical registration and more comparable patterns of cortical

network organization.

ˆ Vascular Architecture and Hemodynamics: Canine cerebral vasculature and

autoregulatory mechanisms approximate human conditions more closely than rodent

models. This structural and physiological similarity is crucial when studying ischemic

stroke, where vascular dynamics signi�cantly in�uence tissue damage and network dys-

function.

ˆ Imaging Feasibility and Scale: The larger canine brain size allows for MRI pa-

rameters that approach human image resolutions and contrasts, reducing confounding

di�erences driven purely by scale.

ˆ Anesthetized Stability and Parameter Control: Canines can be maintained un-

der controlled anesthesia, ensuring stable physiological parameters (blood pressure,

gases, temperature), minimizing motion, and enhancing reproducibility. Adapted from

Arnold et al (2020) and Kyathanally et al (2015) [49, 8]

These characteristics collectively justify the canine model choice, allowing us to pro-

duce datasets with a higher likelihood of meaningful cross-species functional comparisons,

ultimately strengthening the translational bridge from bench to bedside.
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